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Élaboration d’un médicament (ex: diagramme très simplifié pour petites molécules, peptides, protéines thérapeutiques. Il y a bien
évidemment des différences en fonction du type de médicament)

cas des petites molécules

Dans cet article de Bayer Healthcare (Germany):
Hillisch et al., ChemMedChem 2015

50% des 20 nouvelles entités chimiques (ici ex avec les petites molécules) récemment testées en phase I résultent
essentiellement d’approches in silico comme:
ü La bioinformatique
ü La bioinformatique structurale
ü La chemoinformatique
ü IA…
ü Data sciences...
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A - Introduction
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Short overview – Definitions
There are many definitions for Bioinformatics and Chemoinformatics, for instance:
Ø Bioinformatics: use computers to analyze biological data (very often sequences)
if the 3D structure of molecules are considered à Structural Bioinformatics
Or Bioinfo Struct: Intersection of (structural) biology, computer science and math/statistics
Ø Chemoinformatics something like: Intersection of chemical data, computer science and math/statistics
Ø Differences with Data Science ? Data Science à Intersection between domain knowledge, computer science and
math/statistics
What are we doing in structural bioinformatics / chemoinformatics / AI research?
and/or
and/or

o Data analysis (raw data, data curation, data visualization, databases --> attempt to gain knowledge)…
o Software development (standalone, web services...), hardware/software optimization…
o Modeling, simulation, writing equations to represent the systems…

The main goals with these in silico approaches in the overall area of molecular medicine and drug discovery:
ü
ü
ü
ü
ü

Understand biological systems and diseases, in some cases up to the atomic level
Propose the “right or high quality” drug candidates fast, generate new ideas…
Assist pre-clinical testing and in the coming years clinical trials…
...
...
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Short overview – brief & highly simplified history of bioinformatics and chemoinformatics
1950-1970

1970-1980

1970-1980

1990-2000

-1952: DNA as a genetic
information encoding molecule
-1953: Double helix structure of
DNA, Watson, Crick, Franklin
-1960: Amino acid sequencing
of large proteins
-X-ray structure of
macromolecules
-Dayhoff one-letter amino acid
code...amino acid substitution
matrix PAM (point accepted
mutations in phylogenic trees..)
-1950: statistical models in
chemistry – QSAR
- Birth of artificial intelligence

-After initial work on
proteins, back to DNA:
Attempts to read genes
-Development of QSAR
approaches
-3D chemical
substructure search
-Chemical reaction
indexing

-Advances in biology
and computer
science, cloning
genes...
-Computers (big and
desktop) and
specialized codes,
new programming
languages
-Investigation of
more complex
systems
-Gene and diseases
-First docking of
ligands into proteins

-Genomics and structural
bioinformatics
~2003: Human genome
-Beyond sequences:
structural bioinformatics
-The Internet
-Terms Chemoinformatics
and virtual screening
-HTS and other high
throughput technologies
-3D QSAR
-Similarity principle in
chemistry
-Chemistry – Rule of 5 and
drug design

At the beginning of Bioinfo, a lot was on aa seq, then gene…, in Chemoinfo, simple QSAR
Then high throughput technologies, then a lot of data, then big data…
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Short overview – brief & highly simplified history of bioinformatics and chemoinformatics
2000-2010

2010-today

-Even more high-throughput
bioinformatics and
chemoinformatics
-Next generation sequencing
-Beginning of Big Data
-High-performance computing

-Big data, data
curation...
-Attempts to model
life: systems biology,
large networks...
- Weak AI - machine
learning - QSAR
coming back:
robotics, speech and
image recognition,
NLP...

Willett, P., WIREs Comput Mol Sci, 2011, 46-56
Willett, P., J of Information Science, 2008, 477-499
Gauthier et al., Briefings in Bioinformatics, 2018, 1-16

Personnal view about in silico research in the area of
health sciences these ~last 25 years for France:
what is the vision in France (or EU) beyond
infrastructure ? where are we going ? what is the
plan? who is involved ?.... who fits into the boxes?
At the beginning “Bioinformatics” was not considered
as a research field in the academic system, more like a
hobby
With the human genome project (and related), then it
started to be considered, but the national plan remains
unclear, research is fragmented, too many
fiefdoms…always the same people in charge for 20-30
years... All these slow down implementation of novel
strategies, the emergence of novel disciplines...

8

4

4/8/21

What do we mean by data in the field of Health Sciences in 2021 ?
Diverse medium to high throughput technologies have been used in the field of Health Sciences these last 5 to 30 years:
• Human genome about 20000 genes (maybe 500,000 to 1M proteins) à YET only about 700 therapeutic targets, the expected
was around 3000-10000, Sequencing data has helped to catalog and annotate biology à translation to drug, not yet
• ~200 million unique protein sequences in UniProt, many proteins still not known
• ~20 million small molecule bioactivity data freely available but the chemical space ~infinite
• ~Billions of virtual compounds in open databases (chemicals, peptides, macrocycles…)
• ~12,000 – 18,000 approved or investigational drugs worldwide in open databases
• The 3D structures of over 35 million accurate protein 3D models are available
• About 190,000 experimental 3D structures of macromolecules and Xray or NMR for ~1 million small molecules
• About 400,000 accurate predicted protein-protein complexes can be found
• Next-generation sequencing methods start to provide invaluable information about millions of genetic variants
• Not data per se: thousands of software packages and databases are available
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B - Structural biology and
Structural bioinformatics
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Point mutation found in patients
Rational design of mutation
Antibody binding…
Why 3D Structures?

Catalytic site

The human proteome: maybe ~500,000 proteins from ~20,000 genes

Exosites

ü 3D Structure is better preserved than sequence
ü The function is in part linked to the 3D structure (not fully true for intrinsically disordered regions), Structural motifs may
predict similar biological function à 3D structure helps understand the function of a novel protein
ü 3D needed to understand better
ü molecular mechanisms
ü inter-molecular interactions
ü the potential impact of a point mutation on the structure and function of a protein
ü rational drug design (small molecules and peptides)
ü to assist the design of therapeutic proteins (e.g., mAbs), and to design novel proteins with novel functions…
11

Some key experimental approaches to gain “direct” information about 3D structures

X-ray

NMR (ensemble, information about dynamics)

Cryo-EM (very big system, overall shape, often low resolution)

12
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Protein 3D structures: you can see for example on Wikipedia or any texbook in biochemistry

collagen helices

+ in between: various loops and turns
The supramolecular
association of β-sheets has
been implicated in formation
of the protein aggregates
and fibrils observed in many
human diseases such as
Alzheimer's disease

arrangement of multiple folded protein
subunits in a multi-subunit complex

13

Amino acids
20 standard aa in human (selenocysteine not
really standard)
(Also some aa can be modified, not produced
during biosynthesis but after “modification
post-traductionnelle”, eg: Glu à Gla
acide gamma-carboxyglutamique)

X

Ø Warning about aa with + and - charges
Ø Warning about properties:
• Eg: Arg can be charged or not at pH = 7
• It can make hbonds and is polar
• Several atoms in the side chains are
carbon atoms and thus hydrophobic...it
can also have some aromatic properties…
thus not that simple...
Image from wikipedia
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Protein backbones: allowed angles à Ramachandran plot
phi (φ) is the C(i-1),N(i),Ca(i),C(i) torsion angle
psi (ψ) is the N(i),Ca(i),C(i),N(i+1) torsion angle

Tolerated angles
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Some observations about protein secondary structure elements

(more stable, but also parallel)

16
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Some other definitions (among many in the field)
Domains: often proteins have different domains
àfunctional unit of the proteins, they usually fold independently
prothrombin

Structural motifs: definition a) Short aa sequence with specific hydrogen bonding patterns
b) combination of secondary structure elements leading to a specific biological function

β-hairpin

helix-loop/turn-helix e.g.,
seen here in a DNA-binding domain

helix-turn-helix motifs
(e.g., seen here in DNA binding)
17

3D structures are conserved - Number of 3D folds
seems to be limited
New fold versus time: No new fold since 2009 (blue)
At present about 1400 folds
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Protein shapes

PDB-Explorer is a web application
for the interactive visualization of
chemical space of RCSB Protein
Data Bank (PDB) characterized by
descriptors: protein shape
fingerprint (3DP). Shape similarity
search can be performed. The
chemical space is represented as
3D PCA maps
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Some databases… well over 100 for proteins, targets, genes...
SCOP "Structural Classification of Proteins”
stores information of those proteins that are similar at the
structural level and possess common ancestors

CATH "Class Architecture Topology Homology"
protein structure classification bank which stores hierarchical
ranking (taxonomic classification) of protein domains based on
their “folding mechanisms” (or structural elements)
Both databases partition proteins into domains. These domains are classified in a
hierarchical manner: SCOP sorts protein domains into classes, folds, superfamilies
and families while the four major levels of CATH are class, architecture, topology
and homologous superfamily

Others:
InterPro : "Databases of protein families and domains”
Pfam database: is a large collection of protein families...
UniProt…
20

10

4/8/21

We here focus on proteins, but what about DNA...sugar molecules... Possible to find specialized databases online

tRNA

DNA with a drug

21

Key databases for structural bioinformatics: the PDB and PDBe (PDB europe), also PDB japan

22
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PDB files
manipulate with
Awk, Perl, Python, C...

23

PDB files
manipulate with
Awk, Perl, Python, C...

The numbering problem

The Debye-Waller factor, the greater its value
The less localized the atom in the crystal

Ligand: Often the line starts with HETATM
Water molecules and ions are in general at the end
X-ray: Resolution not high enough to show H atoms, they will have to added as required by most modeling tools
This is different in NMR files (H atoms are added by different algorithms)

24
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Experimental structures should be considered with caution, many errors can be there
Often the experimental conditions are very far away from real life (eg, crystallized at pH=5….). Some indicators

25

Structural bioinformatics, major observation: 3D structures are three to ten times more conserved than sequences
(3D conserved but specific molecular functions can differ due to aa changes)
It means that for some proteins, even at 20% aa sequence identity, the overall 3D structures are very similar (but there
are loops…dynamics of the system etc)
Examples: GPCRs (G-protein Coupled Receptors ), ion channels (pores for Na+, K+, Ca2+ or Cl−...)... and many other
membrane receptors... but also soluble proteins...

eg: GPCR – opsin (PDB file 4J4Q)
Seven-(pass)-transmembrane domain receptors
7 helices in the membrane
There are different families...

26
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Some computer methods/algorithms used in structural bioinformatics
Molecular modeling/structural bioinformatics (many tools/concepts)

Mutations (DDG)
Simulations

Eg. Flexibility

Druggability
Off target, Annotation…

Macromolecular docking

Folding

Method/goal

Input

Output

Homology
modeling

aa seq +
templates

predicted 3D
structure

Molecular
modeling

point
mutation

DDG

Molecular
modeling:
simulation

3D structure

flexibility,
binding,
allostery…

Molecular
modeling:
EI

3D structure

electrostatic
properties
like pKa

Molecular
modeling:
folding

aa sequence

predicted 3D
structure
(e.g.,
therapeutic
peptides,
small
proteins)

Proteinprotein
docking

two 3D
structures (or
more)

predicted 3D
structure of
the complex,
eg: proteinmAb

Ligand
binding
pockets

in general 3D
structure

regions
where small
molecules
could bind –
drug design

Small
molecule
docking

Target in 3D
and ligands

position,
27binding
energy...

One example: Trying to compute the “energy” of a 3D molecular system and molecular mechanics
Molecular modeling approaches à used to model or mimic the behavior of molecules
We need a mean to predict/evaluate the energy of a molecular system
Among these modeling approaches, molecular mechanics involve the use of classical mechanics (Newtonian
mechanics) to describe the physical basis behind the 3D models
With molecular mechanics we assume that all interactions between atoms can be defined
The equations give an idea of the energy of the investigated system. Not all energy terms are present in most
computations, this is highly complex, some events would need the use of quantum mechanics (eg, define electronic
properties, covalent binding, some enzymatic reactions...). Often, more complex computations do not provide better
output! (because too many assumptions have to be introduced…)
Thus there are limitations with molecular mechanics, but for a large system, with many atoms, this approach
provides some insights
28
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One example: Trying to compute the “energy” of a 3D molecular system and molecular mechanics
Molecular Mechanics is a computational method that computes the potential energy surface for a particular
arrangement of atoms using potential energy functions derived from classical physics
These equations and associated parameters are often mentioned in the literature as “force-field” (champ de
force est un ensemble de potentiels et de paramètres permettant de décrire la structure de l'énergie potentielle
d'un système de particules)

Molecular Mechanics is based on several assumptions:
ü It treats the electrons around a nucleus and the nucleus itself as a perfect sphere.
ü The bonds between molecules are treated as springs.
ü Potential functions rely on experimental parameters such as force constants and equilibrium
values.
ü The potential energy function is the sum of individual functions for bond stretching, angle
bending, torsional energies, and non-bonding interactions.

29

Michael Levitt
with Martin Karplus
and Arieh Warshel
Nobel 2013
From this, with or
without additional
theoretical
approaches, many
parameters
can be computed...
interactions, folding,
binding, simulation of
flexibility (explore
other
conformations...)

(van der Waals)

(electrostatics)

We know many
parameters
experimentally, thus
we can solve this (eg:
bond distance,
angles...)

30
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One example: Trying to compute the “energy” of a 3D molecular system and molecular mechanics

Some “free” tools for
computing the energy of a
system, molecular mechanics
(different forcefields): AMBER,
CHARMM, GROMACS...
But can also be used for MD....

31

Structural bioinformatics : one goal (among others, we here focus on proteins) : aa sequence à 3D structure
This is highly complex but eventually possible as:
limited number of folds, a limited number of aa with specific properties
Question:
given a protein sequence, can I predict the 3D structure?
Warning: Chaperone proteins participate in the folding of ~half of
all mammalian proteins

What are the main approaches to try to answer this question ?
It depends the data available at the beginning of a project
Ø i) Comparative or homology modeling (usually accurate when the seq identity above 30-40%)
Ø ii) Threading (seq identity around 20%) (enfilage in french)
Ø iii) Ab initio / de novo (below 20%, possible but accuracy? And still for small proteins, most tools
predict 3D structures, not folding pathways)
Warning some proteins stay natively unfolded
Some disordered regions form stable structures only upon binding...

32
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Structural bioinformatics : one goal (among others, we here focus on proteins) : aa sequence à 3D structure

Baker D, Sali A., Protein structure prediction and
structural genomics. Science. 2001 Oct
5;294(5540):93-6.

33

i) Homology or comparative modeling

(aa sequence)

Prediction is correct ? computing the Root-Mean-Square Deviation (RMSD) between the model and the experimental structure the day it is reported
To evaluate the quality of a predicted 3D model: structural analysis, MD can help, statistical analysis...
a) Cavasotto et al., DDT July 2009, Homology modeling in drug discovery
b) Muhammed MT, Aki-Yalcin E. Homology modeling in drug discovery: Overview, current applications, and future perspectives. Chem Biol Drug Des. 2019

34
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i) Homology or comparative modeling online
Well known tools/databases of models:
SWISS-MODEL

Modbase (tool Modeller)

35

ii) Threading, fold recognition: no clear sequence identity with a template BUT a similar fold is probably known
Make a structure prediction through finding an optimal placement (threading) of a protein sequence onto each
known structure (structural templates)
– “placement” quality is measured by some statistics-based energy function
The function can be E = Ep + Es + Em + Eg + Ess
Ep = how preferable to put two particular residues nearby, Es = how well a residue fits a structural environment
Eg = alignment gap, Em = sequence similarity between the query and the template proteins
Then minimize E to find possible sequence-structure alignments
– best overall “placement” among all templates provides users several possible 3D models
aa sequence of my new protein compare with:

Database of 3D structures

36
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iii) ab initio… de novo (not always de novo per se)
Levinthal’s paradox, it would take longer than the
age of the known universe to randomly enumerate
all possible configurations of a typical protein before
reaching the true 3D structure–yet proteins
themselves fold spontaneously (most of them),
within milliseconds

Ø
Ø
Ø
Ø

Split the protein in small fragments
Check in a database of fragments
Combine the fragments
Score the built structures, compare
energies and selected the likely ones
General workflow of
Rosetta for
protein structure
prediction

NB: there are many other approaches
Eg, coarse-grained simulations etc…

The fully automatic
server to carry out
such computations is
called ROBETTA

General overview on structure prediction of twilight-zone proteins
Theoretical Biology and Medical Modelling 12(1):15 · September 2015

or models

37

iii) ab initio… de novo (not always de novo per se)
Google project Deepmind
AlphaFold1: Using AI for scientific discovery (2020)

deep neural networks were trained to predict properties of the
protein from its genetic sequence. The properties the networks
predict are:

AlphaFold1

(a) the distances between pairs of amino acids
(b) the angles between chemical bonds that connect those
amino acids
(c) scoring and checks of known 3d structures
code:

https://github.com/deepmind/deepmind-research/tree/master/alphafold_casp13

Now AlphaFold2 has been developed (publication maybe in 2021),
the algorithm has not been fully explained, it has several differences as compared
to the version 1 and seems much more accurate…

Fig from Google
DeepMind blog

38
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Some other important tools in structural bioinformatics

39

a) point mutations in patient

b) binding pocket predictions

Silico notes in: Standards and guidelines for the interpretation of sequence variants:
recommendation of the American College of Medical Genetics and Genomics and the Association
for Molecular Pathology….(2015)

Brown and Bishop; GLOBAL HEART, VOL. 12, NO. 2, 2017

Impacts on:
§ stability
§ dynamics
§ folding
§ binding...
a) Gyulkhandanyan A, Rezaie AR, Roumenina L, Lagarde N, Fremeaux-Bacchi V, Miteva MA, Villoutreix BO.
Analysis of protein missense alterations by combining sequence- and structure-based methods. Mol Genet
Genomic Med. 2020
b) Kucukkal et al., Curr Opinion in Structural Biology, 2015, 32:18-24

(machine learning can also be used)
a) Perot, Sperandio, Miteva, Camproux, Villoutreix.Drug Discovery Today 2010
b) Trosset, Cave. Methods Mol Biol 2019

40
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b) binding pocket: problem with flexibility (also applies outside the binding pocket, this is just an example)

Many simulation
engines are
available for a loop
or a pocket or the
entire protein
inserted in a lipid
membrane…

Wells et al, Nature 2007
41

c) macromolecular docking

d) small molecule docking
small molecule

Protein 1

Forces Governing Biomolecular
Recognition depend on
the molecules and the solvent:
• Van der Waals
Protein 2
• Electrostatics
• Hydrophobic contacts
• Hydrogen bonds
• Salt bridges .. etc.
Most interactions act at short ranges (e.g., not really for electrostatics)
AND there is in general a need of tight surface complementarity

Receptor

42
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3D data visualization for molecular objects
Some free standalone tools: UCSF Chimera, PyMol...

PyMol
But also online, eg, PDBsum
Pictorial database of 3D
structures in the PDB

43

3D data visualization for molecular objects but plotted in 2D
Ligplot (standalone)

Wallace, Laskowski (UK)

PoseView Server (online)

Stierand, Rarey (2007)
44
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3D data visualization for molecular objects but plotted in 2D

Other way to
represent a
molecular structure:

Circular display with
Cytoscape

Residue interaction
networks where
nodes are residues
and arcs physicochemical interactions
Piovesan et al.
NAR 2016

nœuds = aa
arête = interaction

45

Example: structural bioinformatics and CoV-2
In Silico Investigation of the New UK (B.1.1.7) and South African (501Y.V2) SARSCoV-2 Variants with a Focus at the ACE2-Spike RBD Interface
Villoutreix et al., Int J Mol Sci 2021 Feb 8;22(4):1695.

46
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Structural analysis and
simulation Spike alone
Input reference structure

Spike RBD
G502 missing
S442-KVG-G447 missing

Spike RBD
alone

N501Y (UK)
N501

ACE2

K417
E484
K417N, E484K, N501Y
(South African)

E471-IYQAGSTPCNGVEGFNC-Y489 missing

47

Simulation of the ACE2-Spike complex

K417

E484
N501

ACE2

Spike RBD

48
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Prediction of hot spots
Computed interaction energy per residue

Spike RBD

South Africa
K417N
E484K
N501Y
UK
N501Y

K444

Y453

R403
R408

Y505

E329
Q506
Q498
N501
Y41 D355

K353
K417 H34 D38
F456
D30 E35
E484
Y489 K31

ACE2

L45

T27

A475
F486

L79
Y83
M82

49

Compute electrostatics

Spike RBD
ACE2

D355
K353

K417

D38

E484
D30

K31

50
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Some results
ü The N501Y replacement (present in both the UK and South African strains) should be favorable for the interaction with
ACE2, while the K417N and E484K substitutions (South African strain) would seem neutral or even unfavorable – energy
computations
ü The UK strain should have higher affinity toward ACE2 and therefore possible increased transmissibility (and possibly
pathogenicity), new types of non-covalent interactions at the interface, cation-pi, pi-stacking…
ü If indeed the South African strain has a high transmission level, this could be due to the N501Y replacement and/or to
substitutions in regions located outside the direct Spike-ACE2 interface but not so much to the K417N and E484K
replacements
ü Yet, it should be noted that amino acid changes at Spike position 484 can lead to viral escape from neutralizing antibodies
ü These amino acid substitutions do not seem to induce major structural changes in this region of the Spike protein nor
they seem to destabilize the protein (ΔΔG)
ü This structure-function study helps to rationalize some observations made for the UK strain but raises questions for the
South African strain
ü 70% of the work was carried out using online tools
51

C – Chemoinformatics for
drug design

52
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Defining cheminformatics
Although computers have been used in chemistry since their inception, the term “cheminformatics” has only been
used since the early 1990’s
“The application of informatics techniques to solve chemistry problems” (Johann Gasteiger, Chemoinformatics: A
Textbook, 2003)
La chémoinformatique a été clairement définie lors de la manifestation scientifique Workshop Chemoinformatics in
Europe: Research and Teaching (29 mai - 1er juin 2006 à Obernai, France) :
« Chemoinformatics is a scientific discipline that has evolved in the last 40 years at the interface between chemistry and
computer science. It has been realized that in many areas of chemistry, the huge amount of data and information produced
by chemical research can only be processed and analyzed by computer methods. Furthermore, many of the problems faced
in chemistry are so complex that novel approaches utilizing solutions that are based on informatics methods are needed.
Thus, methods were developed for building databases on chemical compounds and reactions, for the prediction of physical,
chemical and biological properties of compounds and materials, for drug design, for structure elucidation, for the
prediction of chemical reactions and for the design of organic syntheses»
SFCI at that time: Varnek, Villoutreix, Morin-Allory
53

Early work in chemoinformatics

Peter Willett
Journal of Information Science,
34 (4) 2008, pp. 477–499

54
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Processus de découverte de médicaments - petites molécules (et aussi pour “biologics”): théorie vs real life!

55

Chemoinformatics

Ø There are many databases
Ø With these data, it is possible to predict properties…
We focus here in tools related to Drug Design

Small molecules

What could we learn/do with a computer and chemical data ?
Ø is this compound toxic ?
Ø pharmacological properties ? bind a target ? act on disease ?
Ø how to improve this molecule ?
Ø use data mining/machine learning to develop statistical models and
analyse this compound
Ø run different types of virtual screening computations…
Ø Step 1: target(s)/pathways or multi-targets ?
Ø Step 2: find hits
Ø Step 3: hit optimization…

56
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Step 1: For target discovery
one example among so many
here combine bioinformatics
and structural bioinformatics

57

Ø Step 1: chemoinformatics and (structural) bioinformatics can help prioritize targets or pathways…
eg: in 3D, predict druggable binding pockets on various targets…+ many others
Ø Step 2: Find hit compounds (touches): HTS = experimental and/or
virtual screening followed by experimental studies on a short list of molecules
(virtual screening: first coined in 1997, Dragos Horvath, J Med Chem, 40:2412-23)

HTS
§ Cost can be enormous (millions)
§ Many months to analyze the results
§ Very valuable for some targets:
Eg: if no 3D structure or no known ligand
Yet in silico tools can be used to prepare the
compound collection (intelligent collection)
Fr-PPIChem: An Academic Compound Library
Dedicated to PPIsACS Chem Biol. 2020 May 5.

58
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Ø Step 2: find hit

Representing chemical structures on a computer

Representing 2D chemical structures
The chemical space is almost infinite
Many substructures (different compared to 20 aa)
Ø SMILES line notation
C Methane
CC Ethane
CCC Propane

Rivaroxaban (anticoagulant)
SMILES: C1COCC(=O)N1C2=CC=C(C=C2)N3CC(OC3=O)CNC(=O)C4=CC=C(S4)Cl

Ø InChI (International Chemical Identifier) line notation and InChiKey…
InChI=1S/CH4/h1H4
Methane

Ø Graph theory and internal representation
Graph Theory is a branch of mathematics that is used to model
graphs. A graph is made up of objects (called nodes) with links
between them (called edges).
If we consider atoms as nodes and bonds as edges, a chemical
structure becomes a mathematical graph
59

Representing chemical structures on a computer
Ø Step 2: find hit
other 2D file formats
SDF
MOL2
MOL...

http://pasilla.health.unm.edu/jsme.html

x, y coordinates
no z

60
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Representing chemical structures on a computer
Ø Step 2: find hit
Representing 3D conformers on a computer
Can be the PDB format but in general SDF, MOL and Mol2 formats as they contain much more information (bond types...)

2D

3D

61

Ø Step 2: find hit

Where are the
small molecules ?

molecule cloud (Dr. P. Ertl, Novartis)

62
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Chemical databases: about 100 free databases, some small, some very large...

Ø Step 2: find hit

Collecte de données et de connaissances sur les petites molécules: bases de données primaires, secondaires et composites

Données biophysiques et 3D
-PDB (protein databank 3D)
-PDBbind (pocket-ligands in 3D)
-Binding MOAD (pocket-ligands in 3D)
-sc-PDB (pocket-ligands in 3D)
-CREDO (pocket-ligands in 3D)…
-WebCSD: Cambridge Structural Database
-COD: Crystallography Open Database
-Binding DB (measured binding affinities)
-2P2IDB (dedicated to the structure of iPPIs)
-TIMBAL (iPPI db)
-iPPI-DB (iPPI db)…
Pour le HTS & criblage virtuel
-GDB-17 ( ~166B virtual compounds)
-GDBMedChem (~10M med chem aware)
-CH/PMUNK (synthesizable virtual cmpds)
-FDB-17 (fragment database)
-ZINC (~80M commercial compounds)
-V1M (~1M virtual macrocycles)
-Peptides in SMILES (~200k)

Médicaments et composés annotés expérimentalement
-PubChem; ChEMBL; SureChEMBL, Tox21, OCHEM
-KEGG Drug, SuperDrug, CRIBdb NME
-e-Drug3d, NPC (pharmaceutical collection...)
-DrugCentral, DrugBank
-Probes & Drugs portal database
-RepurposeDB; EK-DRD...(Drug Repositioning)
-DrugAge (ageing related drugs), HybridMolDB...
-Wikipedia Chemical Structure Explorer (often drugs or in clinical trials)
-DGIdb (drug gene interaction database)
-THPdb (approved / investigational therapeutic peptides)
-NALDB (nucleic acid ligand database)
-FoodDB (food constituents); FlavorDB; AdditiveChem
-cBinderDB (covalent binding ligands) … TTD & Supertarget...
Produits naturels
-NPASS (natural products)
-Nubbe (Brazil) -HIT (herbal ingredients)
-NPACT (plant – cancer)
-SANCDB (Africa) -MedPServer (India)
-KampoDB (natural medicine) -Super Natural I -VIETHERB (Vietnam)
-YaTCM (Chinese medicine)
-iSMART (Chinese medicine)
-TCM Database@Taiwan
-BIOFACQUIM (Mexico) -COCONUT...
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Ø Step 2: find hit

Chemical databases: e.g., in 2021

warning about these numbers: big but so many missing data
UK

USA

Canada
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Chemical databases:

Ø Step 2: find hit
USA

and ZINC20
Small molecules
Experimental structures
(commercial)

Molecules to buy
(also 1.3 billion virtual compouds)

UK
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Virtual screening: try to find hits faster, reduce the cost, generate new hypotheses...

Cible thérapeutique

i) Ligand-based

Ø Step 2: find hit

ii) Structure/receptor based

Criblage Virtuel
Chimiothèque électronique

Molécule(s) active(s)
sur la cible

LBVS

SBVS

Structure 3D de la
cible

Optimisation des touches
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i) Main LBVS approaches: to find new hits, to
improve compounds...

67

i) Main LBVS approaches: to find new hits, to improve compounds...

Ø Step 2: find hit

eg: 100 millions de molécules

Une molécule active au départ
+ des approches silico LBVS
+ une chimiothèque

1
Approches:

0

1

1

Touches
eg. 500 molécules à
Validations expérimentales
environ 10 touches en moyenne

0

Clés structurales Pharmacophores
& Shapes (formes)
(Fingerprints)

QSAR
68
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i) Main LBVS approaches: to find new hits, to improve compounds...

Ø Step 2: find hit

An important concept: “similarity principle: similar compounds tend to have similar biological
activities” (or similar targets)
Not always true and this similarity principle is subject to frequent disruptions called “activity cliffs”

69

i) Main LBVS approaches: 2D similarity search
here we may have one bioactive molecule as starting point

Ø Step 2: find hit

Chemical fingerprints: binary structure keys – very fast

Ni

1

2

Ni

3

Tanimoto Similarity: Ni/Nu = 0.25
Intersection Ni = 2
Union Nu = 8

4

5

8

6

7

Tanimoto ~0, molecules are not similar, ~1 very similar
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i) Main LBVS approaches: but molecules can also be described by molecular descriptors (features)

Ø Step 2: find hit

Molecular Descriptors: More abstract than chemical fingerprints, this is another way to represent molecules
(1D, 2D or 3D or pseudo 3D...). For machine learning, molecular descriptors and fingerprints can be combined

Physical descriptors

-molecular weight
-charge
-dipole moment
-number of H-bond donors/acceptors number of rotatable bonds
-hydrophobicity (log P and clogP)

Topological

branching index...

71

i) Main LBVS approaches: 3D search
here we need to have several hits to build a model in general

Ø Step 2: find hit

Used to screen a
compound collection
Distances but
Angles are also used
in 3D

Find compounds in the
collection
that fit this model
Shapes can also be used....
72
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i) Main LBVS approaches: via machine learning (to find hits, also for toxicity…)
Ø Step 2: find hit

NN

RF

Molecular
structures

Molecular
descriptors –
Variables/features

SVM...

Data sets +
machine learning

Predict properties

(numbers)
Weka, scikit-learn, R... & commercial

1

0

1

1

0

Fingerprints
and/or molecular descriptors, eg: RotBond
compute: Dragon, MOE, DataWarrior, PADEL...

QSPR – Quantitative Structure-Property Relationships
QSAR – Quantitative Structure-Activity Relationships
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ii) Structure-based virtual
screening: in general slow as
compared to LBVS, but no need of
active cmpd(s) as input
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ii) Structure-based virtual screening: in general slow as compared to LBVS, but no need of active cmpds

Target in 3D
Xray, NMR or homology models

Chimiothèque

Arrimage et prédiction
d’affinité

eg: 5 millions de molécules
ou des “fragments”...

Pocket known or predicted
Full surface docking possible but slow and
problems with scoring

Touches

Ø Step 2: find hit

eg: 500 molécules à Validations expérimentales
75

ii) Structure-based virtual screening: docking-scoring

Ø Step 2: find hit

§Place the small molecules in the receptor pocket. This is docking.
§The prediction of the “binding free energy” (affinity) is often called scoring. A molecule with a good
score is potentially a good binder. But warning…a score is not free energy in general

76
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ii) Structure-based virtual screening

Ø Step 2: find hit

Ø Target preparation ! Never forget about pKa, loops…flexibility, resolution, quality of the structure…
Ø Decide about water molecules
Ø Missing aa, side chains, segments like flexible loop...
Ø The compounds should be in 3D, also prepared, protonated...

77

ii) Structure-based virtual screening: docking

Ø Step 2: find hit

“Rigid”: main concepts
§Ligands: multi-conf. / receptor: rigid
§Ligands: multi-conf. / receptor: multiconf.

“Flexible”: main concepts

§Ligands: systematic (fragmentation) search / receptor: rigid
§Ligands: stochastic search (MC, GA) search / receptor: rigid
§Ligands: deterministic (MM, MD) search / receptor: rigid
Side-chains only

§Ligands: flexible / receptor: flexible

All atoms, usually
pregenerated multiconf.
or full MD during docking…
78
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ii) Structure-based virtual screening: docking, a possible method: incremental construction

Ø Step 2: find hit

Incremental construction:
by a
finite set of
Fragmentation of ligand into base fragments

H H

H
H

üPlace ligands into active site by matching interaction centers
üReduction of number of solutions by clash test and clustering
üLink base fragments in compliance with a torsional database or a
forcefield

H.J. Böhm, J. Comput. Aided Molec. Des. 8, 623-632 (1994)
M.D. Miller, R.P. Sheridan, S.K. Kearsley, J. Med. Chem. 1999, 42, 1505-1514
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ii) Scoring: very challenging, why ? so complex, environment dependent, the many different
nature of the chemical groups, role of solvent and ions ? flexibility...
Y60a

Ø Step 2: find hit

W60d
S195

+
G193

W215
e.g., Serine protease
Cation-pi, stacking, Hbonds,
salt-bridge
water, induced fit, entropy…!

G216

+

G219

-

D189
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ii) Scoring

Ø Step 2: find hit

üForce Field-Based Scores
üEmpirical Scoring Functions
üKnowledge-Based (contact preferences)
üConsensus Scoring
üInteraction fingerprints
üTarget-specific scoring function
üMachine learning scoring function…
Often, scoring functions (e.g., empirical or force-field…):
§ Describe mainly enthalpic contributions (H) (hydrogen bonds, aromatic stacking...)
§ The entropic component of binding is most often left aside
§ No estimate of ∆G (Gibbs free energy, ∆G = ∆H -T∆S) unless some terms are added (and even then)
§ Non-bonded interactions are evaluated, if covalent bond, not really appropriate but still possible
§ Changes in affinity may not be due to direct ligand-receptor interactions
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ii) Scoring

Ø Step 2: find hit

eg: Force Field-Based Scores

Describe ~enthalpic contributions (DH). No real estimate of DG
Use non-bonded interactions

For two atoms i and j, Aij and Bij are van der Waals parameters for given atom types, dij is the interatomic distance, qi
and qj are atomic partial charges, and e(dij ) is a distance-dependent dielectric function. Eelectrostatic, Coulomb energy term;
EdW, van der Waals energy term.

Augment with solvation and entropy terms to get closer to experimental values
82
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ii) Example: in silico screening (docking) versus HTS on one protein

Ø Step 2: find hit

R. S. Ferreira et al, J Med Chem, 2010, 4891–4905

Chagas’ disease, the leading cause of death due to heart disease in Latin American countries, is
transmitted by Trypanosoma cruzi. Cruzain is the major cysteine protease of T. cruzi
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ii) Docking-Scoring: ultra-large collections

Ø Step 2: find hit

Giga Docking - Structure Based Virtual Screening of Over 1 Billion Molecules Posted by OpenEye Scientific on 8/29/19 10:00
AM
Orion, OpenEye’s cloud-based platform, provides massive computational power to do computational drug discovery.
à the power of the cloud to search enormous libraries of molecules for lead discovery. Docking all 1.43
Billion molecules of the REAL Enamine dataset into two different targets, Purine Nucleoside Phosphorylase and Heat Shock
Protein 90

Also here, at UCSF
Ultra-large library docking for discovering new chemotypes.

Also in France…but difficult (lack positions for people)

Lyu et al, Nature 2019, 566:224-229

Warning with these intoxicating big numbers
May or may not help… it depends the project
84
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Ø Step 1: target ?
Ø Step 2: find hit
Ø Step 3: hit optimization…

Improve properties: affinity, ADME-Tox…

85

Drug design: some concepts related to ADME-Tox… this is a very large field

86
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Drug design: ADME-Tox for small molecules (different concepts/approaches are usually used for “biologics”
but some are similar)
En général, petites molécules chimiques de type médicament vont comprendre des atomes comme:
C, N, O, S, P, H, Cl, Br, F, I (bore B est rare e.g, le Bortezomib, un an‚cancéreux, risky, covalent-bond...)

Risky? yes and no, it depends the
project/disease

87

Drug design: ADME-Tox and beyond
There are several problems to consider with small molecules (true also for “biologics”), many are inter-related
1) Artifact, promiscuous binders, frequent hitters, interfere with assays
2) ADME
3) Toxicity: some molecules can be toxic before or after metabolism or because they are given with other molecules

In silico, one should be able to filter out unwanted molecules (eg, PAINS) and remove/flag potentially toxic
compounds, for example using machine learning models (but we need enough data to learn). This is very challenging

88
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Drug design: ADME-Tox
Often hit to lead à increase MW and logP à increase unwanted off-target interactions à possible toxicity
Hit/Lead + Lead optimization

Drug
Sorafenib (Bayer)

Affinity/Selectivity

PK/PD - Tox

89

Drug design: what can we do on a computer ? different types of ADME-Tox predictions

Computed log P, a key parameter …but others MW, solubility....

+7

-3
hydrophilic

2

Most drugs

certain types of cancer

5

hydrophobic

gastroesophageal reflux disease
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Awareness about ADMET has increased over the years: Some observations from the 90’s
Ideas from Lipinski et al. : filtering based upon physchem properties
Lipinski's Rule of Five (1997) (Pfizer)
Dr. Lipinski saw good absorption in a set of about 2000 drugs or phase I molecules when a molecule has no more than one violation in the
following properties (indeed in the original work, it was no more than 2 violations):
* Not more than 5 hydrogen bond donors (nitrogen-H + oxygen-H bonds)
* Not more than 10 hydrogen bond acceptors (all nitrogen + oxygen atoms)
* A molecular weight (masse moléculaire) less than 500 daltons
* An octanol-water partition coefficient log P of less than 5
Note that all numbers are multiples of five, which is the origin of the rule's name. RO5 does not usually work for natural compounds…and
some drugs do not follow these rules, cancer, infectiology….This should be considered has a guide, not a dogma

Advanced drug delivery reviews, 46:3-26 (2001)
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Drug design: what can we do on a computer ? different types of ADME-Tox predictions
filtering based upon the presence of toxicophores, warning some of these groups can be valuable

Derivation and validation of toxicophores for mutagenicity prediction
J Med Chem. 2005 Jan 13;48(1):312-20.

8 known potential toxicophores

Toxicological endpoint: AMES mutagenicity
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ADME-Tox: this is an example, it is much more complex in real life, here physchem descriptors

EXAMPLE
Neuropeptide Y-Y1 receptor antagonist
(NY could increase food intake)
Smith DA, 2002

Potency

Potency = 2 microM
HBD = 0
HBA = 3
MW = 369
log P = 5,7
PSA = 17
Rot bonds = 6

oral bioavailability

Potency = 1 nM
HBD = 1
HBA = 6
MW = 591
2 violations
log P = 7,3
PSA = 50
Rot bonds = 11

SMILES O=C(CN2CCC(N1CCCCC1)CC2)c5c(COc3ccc(Cl)cc3)n(CCCC4CCNCC4)c6ccccc56
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Drug design: what can we do on a computer ? different types of ADME-Tox predictions
The druggability and developability space is rapidly evolving in the post-genomic era. In the past, Lipinski's rule-of-five
(Ro5) emerged and served as a guide for drug-like molecule design for oral delivery in the traditional druggable target
space
Today, a transition is occurring in drug discovery towards novel approaches to bind and modulate challenging
biological targets that have led to transformative treatments for patients. Consequently, drugging novel targets using
a variety of emerging molecular modalities, namely beyond the Ro5 (bRo5) small molecules (such as protein-protein
interaction modulators, protein-targeted chimeras, or PROTACs), peptide/peptidomimetics, and nucleic acid-based
modalities, have become a key focus in drug discovery
AAPS J. 2020 Jan 3;22(2):21

Yet several concepts seen before still apply
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Drug design: ADME-Tox – how to do it, some online examples
1er niveau: le filtrage informatique ADME-Tox des chimiothèques

FAF-Drugs
§
§

§

En 2006:
Optimisé en:

Descriptors & QED values
CSV File

Miteva et al., NAR 2006

FAF-QED

Lagorce et al., BMC bioinformatics 2008
Lagorce et al., Bioinformatics 2011
Lagorce et al., NAR 2015
Lagorce et al., Bioinformatics 2017

Descriptors &
Alerts detections

2
1

~30,000 visiteurs/an worldwide

BankFormater

multi or
unique
smiles

XLOGP3: Cheng et al., J Chem Inf Modeling 2007
Lilly rules: Bruns & Watson, J Med Chem 2012
Lilly-M edchem -rules

Data Curation

multi or
unique
SDF

FAF-Drugs4

Inorganics – Salts – Mixtures
Standardization
Duplicates

Quantitative
estimate of
drug-likeness
(Hopkins’ group, 2012)

Physchem
ADME-tox

Descriptors & Structural Alerts
& PAINS Filtering
tuned by users

~500 PAINS (Baell – Holloway)
~140 structural alerts

Descriptors & Alerts
CSV Files
Files after filtering
SDF Files
PAINS
Rejected
Interm ediate
Accepted

http://fafdrugs4.mti.univ-paris-diderot.fr/
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Drug design: ADME-Tox
2eme niveau: les prédictions ADME-Tox spécifiques
Pharmacologie de sécurité: détecter les effets indésirables de nouvelles entités chimiques sur les
fonctions physiologiques
Ø Ex Organes vitaux:
Cerveau
Coeur
Poumons....

Objectifs:
ü Protéger les volontaires des essais cliniques de phase I
ü Protéger les patients participant aux essais cliniques de phases II et III
ü Minimiser les risques d'échec lors du développement du médicament et dans la phase post-marché
~40 cibles à tester
GlaxoSmithKline, Neusentis, Novartis, Pfizer, AstraZeneca, Pharmaxis à NDR-reviews – Dec 2012
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Drug design: ADME-Tox online
2eme niveau: les prédictions ADME-Tox spécifiques

retiré du marché

SVM
31 cibles
données manquantes

Ø hERG (human Ether-à-go-go-Related Gene ou KCNH2), un canal
potassique qui fait sortir le potassium de la cellule
Ø Le blocage de ce canal peut aboutir à un arrêt cardiaque
Ø Certains antihistaminiques peuvent bloquer ce canal
http://ptp.service.pharmb.io/
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This knowledge about compounds helps to design
intelligent compound collections
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Drug design: How to prepare a compound collection to screen protein-protein interactions
(eg., replace mAb, explore new targets and mechanisms, for cancer, CNS, infectious and
rare diseases…)

Fr-PPIChem
Bosc et al.
ACS Chemical Biology
2020
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Drug Repositioning or Repurposing
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Other concepts: Drug repositioning or repurposing

Drug discovery

Repositionnement

Eg, sildenafil, thalidomide…

dans la lignée des tendances
low-tech? oui et non !!
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Other concepts: Drug repositioning / target profiling

Beaucoup d’approches…:

DTI network (pas que pour le repositioning)

Avec ou sans apprentissage
automatique

Ligand-based

Médicaments
approuvés
~12,000
molécules
(base de données
ouverte)

Criblage virtuel
basé sur la
connaissance des
ligands

Amarrage

Inverse DOCKING

c) Gene signature

Signature transcriptomique: « photographier » l’état d’expression du génome à un moment donné
Détermination des signatures transcriptomiques : sans maladie; avec maladie; en pré-sence de la molécule inversant la réponse transcriptomique
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Example: Drug repositioning online using structure-based virtual screening

Amarrage (docking):

§ En 2015 et 2018:
Labbe et al., NAR 2015

Lagarde et al., Oncotarget 2018
MTiOpenScreen: Online structurebased screening of purchasable
approved drugs and natural
compounds

http://drugmod.rpbs.univ-paris-diderot.fr/index.php
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250 molecules
Purchased ~20
12 actives in vitro, ongoing
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Conclusions: la présentation sur les petites molécules mais de très nombreux outils aussi pour les “biologics”
q Les prédictions de “folding” ne sont pas encore satisfaisantes
q Le docking petite molécule est relativement efficace, le scoring reste un problème, la gestion de la fléxibilité /
molécules d’eau est complexe
q Données manquantes / pertinentes, étiquetage uniforme des données pour le “machine learning”
q Difficile d'identifier les erreurs dans certaines prédictions, related: Chain of reasoning with many simplifications
q Outils pas assez utilisés en France, pas implémentés dans le cas de crises sanitaires…

q Possible de prédire la structure 3D de certaines macromolécules, identifier des poches qui peuvent fixer un
médicament potentiel, étudier l’impact de mutations ponctuelles...
q Possible de concevoir des petites molécules / peptides avec le criblage virtuel + simulations. Certaines prédictions
ADME-Tox sont aussi envisageables
q Tester de nombreuses hypothèses dans des délais très brefs avant les études expérimentales (réduction des coûts) Nouvelles idées / Aide à la conception / Aide à la compréhension / Bien-être animal…
q Domaine qui évolue très rapidement avec de nouveaux algorithmes et des nouvelles bases de données toutes les
semaines! Un travail très important d’intégration reste nécessaire...
105

Where do you find 3D Bioinf/Chemoinf tools and databases ?

Directory of
tools and
databases

Villoutreix et al., Drug Discovery Today, 2013
Singh et al., Briefings in Bioinformatics, 2020
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Warning: Evolution of technologies and “propaganda”

Not always
Some CADD

Some CADD

Bezdek’s curve (1993) “evolution of technology”
See recent reviews by Dr. John H. Van Drie
(Boston)
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X

When people plug the computer they tend to unplug their brains
Hugo Kubinyi
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