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My studies at UNIBO

BSc Industrial Chemistry MSc Bioinformatics

= Organic synthesis = Protein design

= Physical Chemistry = Analysis of Biological data

Industrial chemistry = Machine Learning

2013-2018 2018-2020

Bachelor thesis Master thesis
Oct 2016 — Nov 2017 Erasmus + Internship

Artificial neural networks for protein’s

shape prediction

European Molecular
Biology Laboratory

BI(@)SAXS



After UNIBO: Advanced Machine Learning for Drug Discovery

Machine Learning
Research

COMP3D group

Artificial Intelligence for =  Computational Drug Design

Drug Discovery =  Prediction of assay

=  Representation Learning interference

2021 - 2024? )

=  Retrosynthesis planning
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=  De novo molecule generation
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Today’s Lecture

Drug Discovery

= The Drug Discovery Pipeline

= Early Drug Discovery

Cheminformatics

= Big Data in Chemistry

= Introduction to Cheminformatics: meaning and fundamentals
= Introduction to Machine Learning and Deep Learning
= Example: Toxicity prediction

Computational Drug Discovery

= Cool stuff: How Artificial Intelligence helps Drug Discovery

lllustration by Michele Marconi: https://www.nature.com/articles/d41586-018-05267-x



What is a drug?
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Drug Discovery: from target identification to drug approval
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PreClinic Clinical Trials Approval

= HighThroughputScreen = In vitro studies = Phase I: ~100 volunteers

= Hit selection = Animal Studies = Phase II: ~300 patients

= Lead optimization (1-2 years) = Phase llI: ~ 5000 patients
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Pipeline steps success rate

Research / discovery / pre-clinical Phase 1 Phase 2 Phase 3 Reg. approval

o 10y > 22ys 3 24ys ) 09ys 2
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success rate from discoveryPhase 1to phase 2
to phase 1

Number of compounds
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Target identification and validation
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Lead Discovery: High Throughtput screening (HTS)
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I Key step in the early Drug Discovery pipeline
I Main technology for hits identification

I At full capacity hundreds of thousands of

compounds tested daily

I"#$%& ()#$*)+%,-"../"[#%3453/+3#.62%% %%
I' Fully automatized workflow

I Extremely cost effective

I Suggest good starting structures that will be

optimized in later steps

1]
2
0
=
0
q

2
>
3
m
0
[=
3
m



HTS: A closer look

Biological assay
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Hits evaluation: find the LEADS

= 2 @$12$3,08,=-A4$B+2C$8,4+2+56$4+
D=4=1:E$F'GH$,.$2C6%$:+1/1/EJ

= (,081/6$132+56%$3,08,=-A4$B+2C$
164=:24%,.$,:A6/$1441E4

= *6:632$0,42%$8/,0+4+-,$C+24

= SO
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?61A$3,08,=-A&$-,K82+0+L6A$3C60+31:$3,08,=-A$C15+-;$I+,:,;+31:$132+5+2E



Lead Discovery: Lead optimization
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~300
molecules

Improved potency

Better stability

Increased solubility in water
Greater selectivity

I"#3$%&' % () &*"#"+,%-"$#.
Molecules with showing bioactivity in HTS phase that
passed statistical and expert-rule filters. *6,72.".$68&'()*+",$-./0
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Thousands of variations generated
by classical lab chemists and
automated synthesis
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PreClinic: " #%&4hd Animal studies
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Clinical Trials: Drug safety and effectiveness

PRECLINICAL

PHASE |

PHASE i

PHASE IlI

PHASE IV
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Laboratory Research
determines if
treatment is
useful and safe

6-10 Participants
Understand effects
of treatment
in humans
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20-50 Participants
Evaluate safety
and efficacy
of treatment
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100-200 Participants 200+ Participants
Confirm benefit Evaluate long-term
and safety effects
of treatment of treatment

https://gene.vision/knowledge-base/clinical-trials/



The Drug Discovery pipeline: RECAP

= Long and expensive process: 12 years and ca. 2 Billion $ invested

= Involves scientists from all the fields: Chemists (medicinal, organic, analytic, etc...), Biologists,

Mathematician/Physicists
= Lot of improvement possible:
= Speed up the discovery of new drugs

= Increase the success rate of drug candidates
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“Big Data” in Chemistry

73'89%4")#%4"6-(5.'9
Huge amount of /("69 data

I HTS: millions of chemicals with preliminary
activity values on multiple targets.
I Lead optimization: thousands of molecules

with xC50 values and ADMET proprerties

:'.;8""-%3/4%;8"/"-38%&"386
Few, very '.8"3<8. data

I Toxicity studies: hundreds of compounds
with know toxicity
I Pharmacodynamics: known metabolism in

humans




“Big Data” in Chemistry: public data sources and databases
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| Large collection of chemical I Online database containing I Manually curated database
informations: information on drugs and drug of bioactive molecules:
I compounds targets I In vitro and in vivo
I biological assays I =B%housands drugs: assays
I ==>Millions compounds I BK approved I >DMillions Compounds
I ?@-Millions Bioactivity I CK experimental I =B% Assays

I A>Millions Patents
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What’s the deal with all those data?

>"82+%1%#23%&'%+2:%*&425642#7? @+8:423,2%")&*%&A43%2A(2)"*2+$#%
51+%B2%6#23%'&)?

/ I Predict which molecules can be bioactive
=
Q% _<_©_2~ I Predict which molecules can be toxic
1"4#$.6)"4"/06&").+".)%'&)&",") (). +6-"),6("%2("-)<= I Predict the affinity toward a certain protein
>"82+%1%()&$2"+%%$1),2$?
> I Generate a set of structures with high affinity
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Cheminformatics: Chemistry as data science




Cheminformatics: What it’s done in practice?

In a nutshell: with Cheminformatics we try to exploit all the available chemical knowledge to help experimental
Chemists:
= Visualize large amounts of different compounds in an informative way (e.g.: colored by bioactivity)
~1012 '&84.1@@4IR&*BO,(@/,*103*#-@-($)4B0-($).B'&/*
= Develop algorithms that can use the data to predict molecular properties
= Develop algorithms that can use the data to help with synthesis (e.g.: prediction of synthetic routes)

* Find new informative ways to represent chemical compounds




Molecular representations: SMILES, Fingerprints, 2D descriptors

Molecular representations
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A hint of Machine Learning and Deep Learning

= Q72/132%$3,00,-$/=:64$2C12$31-$678:1+-$1$A121462V
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Why not using standard Computational Chemistry?

S,26&$N64=:24%$./,0$(,08=212+,-1:$(C60+42/E$6786/+06-24$31-$16$=46A$14$;, A$421/2+-,$8,+-24%.,/$0,A6/-$188/,13C64$

Classic computational chemistry approach Machine Learning approach

BINDING PROTEIN-LIGAND INTERACTIONS  DOCKING

AG PDB COMPLEX MD SIMULATION
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Cheminformatics: RECAP

= Goal: helping experimentalists with data science

= Very requested professional profile

= Requires knowledge from different fields: Chemistry, Data Science, Computer Science, lots of Patience
= Still room for improvement and many unsolved problems: great research field!

= Requires meaningful molecular representations

= Use of Machine Learning and Deep Learning: nowadays the two most looked forward technologies in Life Science




Computer aided Drug Discovery

Generate Evaluate

Thomas et al, Applications of Artificial Intelligence in Drug Design: Opportunities and Challenges




Molecular docking

DEEP DOCKING
50X faster
ULTRA LARGE
DOCKING . |
DATABASE Predict scores with Top scoring molecules
o QSAR models J Qs i

F 5k e
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*+)"($() molecules generation

GAN: Generative adversarial networks Emplrlcal data

VAE: Variational autoencoders

24 hgiag

Encoder Latent space Decoder noise Generator Syntheticdata  Discriminator

________________________________________________________________________________________________________________________________________________________________________________

RL: Reinforcement learning RNN: Recurrent neural network

Policy gradient with Monte Carlo tree search (MCTS)

Incomplete Next Reward Shared Hidden layers
SMILES action upon weights
(state) (char) MC search completion  Metrics w

v e
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and Future Directions

@V_‘_g Aleshri et al, Deep Learning and Knowledge-Based Methods for Computer Aided Molecular Design - Toward a Unified Approach: State-of-the-Art
W
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Retrosynthesis planning and synthesis prediction

Similarity search

[ h
[NH1] - [CH2] Query No match
[NHO] - [cHo] | (S | m !h
ﬁ LR R
SMARTS l - Precursor
Knowledge base (reaction centre) Match snmllanty —— Ranked list
(40,000 reactions) =

___________________________________________________________________________________________________

E Target Solution : Reaction precedent for target molecule
| (aggregated Tanimoto=0.224)

___________________________________________________________________________________________________
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Thanks!
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Take home message

= Drug Discovery is very time expensive and money consuming but opens up many opportunities to have an impact on
society with science

= Standard laboratory Chemistry in 2022 requires computational approaches to be efficient

= Data Science tools allows a better understanding of Chemistry in the Drug Discovery context

= My suggestion: have a look to Deep Learning and Machine Learning

= |f you want to do research choose a topic that fascinates you and have fun with it

= Cheminformatics starter pack: RdKit (https://www.rdkit.org/), Python (https://www.python.org/)




