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Why do we need computational tools
in drug design?
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Where do computational tools fit in the drug
discovery pipeline?
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drug -like chemical space
~10% compounds

ever synthesized
~108-10° compounds

FDA-approved

The hugeness Of 'I'he ~2000 compounds
chemical space




Target

biological molecule 8 usually a protein 6
whose activity we want to change




Target

biological molecule 8 usually a protein 6
whose activity we want to change

Ligand

small molecule with moderate-to-high affinity
for the target




Hit

A compound shown,
experimentally or
computationally, to bind the
target with measurable activity

Key terms

Lead

A hit that has been optimized
for potency , selectivity , and
drug -like properties ;
refined, not yet proven safe

Drug

A lead that has passed
clinical trials and been
approved for use in patients




Computer-Aided Drug Design (CADD)

Structure-Based
R Design
/\&\

3D structure

Ligand-Based
Design

X-ray crystallography (b .
NMR spectroscopy /=
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Activity data
ICsy, ECp, O K, €

Physicochemical properties
MW, logP, solubility, é
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CADD matrix

Ligand structure

Known

Unknown

Protein structure

Known

Unknown

Structure-Based

Ligand-Based

Design Design
De Novo Al-based
Design Approaches
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Structure-based approaches

When to use

You have (or you can get)
the three-dimensional
structure of your target

PDB database
https://www.rcsb.org/

What y o u 6ekd

A candidate library

Generative algorithms

Method-appropriate
software

Output

A candidate molecule or
ranked set of candidates
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https://www.rcsb.org/

Molecular docking

\F—J/
Method that predicts how a small
molecule (ligand) binds to a target N

protein.

It provides:

A its preferred orientation (pose) y J

A a scoring function (docking score) \ Wwie4
PDB ID: 6djz

docking score: -11.2 kcal/mol
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1. conformers generation

2. identification of the best-fitting conformer
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compound library

Screening

Fast, approximate

Refined re-scoring

Fewer, better-ranked hits

Post -filtering

Slow, rigorous

hit candidates

Structure-based virtual screening
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compound library 1,000 2,000,000 molecules

molicort
\ po z l N c Screening
Crmce’

MedChemExpress

hit candidates 1,0007 10,000 molecules

_ (@ Schrodinger
Docking

Filtering the compound by docking score ‘

AutoDock 4
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hit candidates 1,0007 10,000 molecules

\

\

Refined re-scoring

better hit
candidates

Re-docking & Filtering

Docking generating more pose and/or with more precise protocol
Filtering to maximize the chemical diversity or physical properties

1007 1,000 molecules
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1. conformers generation

2. identification of the best-fitting conformer
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2. fisabiiepivthef thelheppbitieg conformer 3. identification of the best-fitting pair
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2. flexibility in the binding pocket 3. identification of the best-fitting pair
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MD / FEP / MM-GBSA

estimation of the free-energy of binding

better hit
candidates

\

lead candidates

1007 1,000 molecules

Post -filtering

Slow, rigorous
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Molecular dynamics

technique

MD is a computational
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motion for a system of atoms

empirical force fields.
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Ligand-based approaches

P adn

When to use

No reliable structure, but
known actives exist

ChEMBL database
https://www.ebi.ac.uk/chembl/

What y o u 6ekd

A curated set of actives
and (ideally) inactives

Method-appropriate
software

Output

A predicted activity or
ranked candidate list
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https://www.ebi.ac.uk/chembl/

Similarity search

Find molecules structurally
similar to one known active

Pharmacophore model

The shared 3D arrangement
of chemical features across a
handful of known actives

QSAR / ML

A quantitative model trained
on a larger, curated set of
actives and inactives

Ligand-based virtual approaches
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Quantitative Structure-Activity Relationship

Function
Classical QSAR = simply equations
ML = complex algorithms

predicted activity — f ( molecular features )

affinity prediction numberical encoding of a molecule

ADMET prediction fingerprints
physicochemical proprierties
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Quantitative Structure-Activity Relationship

predicted activity — f ( molecular features )

o¥esde

numberical encoding of a molecule

physicochemical proprierties fingerprints
MW: 386.5 Da
tPSA: 39.1 1(0(0|0|0|1]|O0|0O|O|0O|0O|O]|O]|O

LogP: 3.09
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f SIGMAP is a machine-learning classifier

T e
e

SIGMAPRP

Home Massive History Contact About us

An explainable artificial intelligence tool for SIGMA-1 receptor affinity Prediction

This web-site allows you to use a machine learning based classifier of sigma-1 receptor (S1R) affinity.

cTccc(Oc2ccc(OCCCN3CCC(cdcenced)CC3)ec2)ec mOIGCUIar featu re Shapley Additive exPlanations (SHAP) analysis

INCREASES THE AFFINITY

S1R affinity (pKi > 7) predicted aCtiVity YES

High affinity probability 0.591

e @ =
Prediction reliability (based on AD) YES ;-——‘/> \—\——N’\ ) <\ ,.,-
" N\ / —t
i

=
REDUCES THE AFFINITY

Positive influence on S1R affinity Negative influence on S1R affinity
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When there’s no structure and no ligand?

Al-based approaches

When to use

No reliable structure of
your target

No known active ligands to
start from

What y o u 6ekd

A target sequence, or just
a general problem
definition

Structure-prediction or
generative Al models

Output

A predicted 3D structure,
and/or de novo candidate
molecules
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https://alphafoldserver.com/

ALCHIMIA: Genetic Algorithm
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Population
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S1R Hit Identification
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Take-home message

Crystallography is
still the foundation

Every method in this talk
starts from a structure or a
dataset , solved,

predicted, or curated |
that crystallography helped
produce.

Pick the method
based on what you
know

Structure kn
structure-based.
Only active ligands known
Y | i dasedd
Neither Y A

0\

Binding Is necessary,
not sufficient

A molecule that binds
beautifully but fails ADMET
is notadrug , safety and

pharmacokinetics belong
alongside affinity, not after
it.
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