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Omics revolution

Proteomics

Transcriptomics

Genomics
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L'interdisciplinarieta di un problema scientifico oggi

System biology
Integrative physiology
System medicine
System pharmacology
Regenerative medicine
Integrated biomarkers

Human disease
Prediction
Diagnostics
Treatment efficacy
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Organic Chemistry
Inorganic Chemistry
Medicinal Chemistry
Physical Chemistry
Physics (QM & MM)
Math

Informatics
Structural Biology



Un esempio di Big Data nelle scienze... La scoperta di un nuovo farmaco




Processo di scoperta di nuovi farmaci
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Drug Discovery & Development - Timeline
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L'informatica Molecolare nella progettazione farmaceutica (Drug Design)
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Drug R&D Clinical Trials
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L'Informatica Molecolare nella progettazione farmaceutica (Drug Design)

SCOPO PRINCIPALE: Trovare molecole sicure (non tossiche) e selettive per
una patologia e per un target proteico (recettore) 2 SCREENING VIRTUALE

Virtual Screening & Scoring (1) Filtrare grandi librerie di molecole e
T v trovare quelle che meglio colpiscono il
2 bersaglio

(2) Approfondire 11 modo in cui il farmaco
interagisce con 1l recettore

(3) Ottimizzare le molecole attive trovate e
confermate dai saggi biologici per renderle
ancora piu sicure ed efficaci

Re-ranking Virtual Screening resulta (4) Guidare nella progettazione razionale di
Compound selection & in vitro assays nuove molecole

e
B — !ﬂﬁﬂi (5) Supportare nella terapia personalizzata
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Molecular Modeling (Un esempio)
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Structures Analysis
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Chemoinformatics (Un esempio)
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Al nella progettazione di nuovi antitumorali

‘wwrw.nature. comjscientificreports

Problema:

o Progettare molecole selettive su specifici target biologici (Kinasi) sclentific reports
o Metodologie classiche non sono in grado di guidare la progettazione B T T T o o oo
selettiva = Il problema va risolto ad un livello superiore ropostoning e
s ) Convolutional architectures for virtual @
v : o, screening "
Soluzione: : : o
v' Sfruttare dati strutturali disponibili B S e
v’ Reti neurali in grado di cogliere caratteristiche fondamentalie @~ & e ,
discriminanti la selettivita su un target o su un altro considerando e
contemporaneamente caratteristiche multiparametriche S m;:«
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ADMET

VS consists of

BMC Bioinformatics. 2020 Sep 16;21(Supp! 8):310.doi: 10.1186/512859-020-03645-9 - Int. J. Mol. Sci. 2022, 23(4), 2156; https://doi.org/10.3390/ijms23042156



Al nella progettazione di nuovi antitumorali
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Al nella progettazione di nuovi antitumorali

DAY
Target PDB ID Ligand Code * Actives Inactives Target Acc. Loss Sensitivity MCC AUC F1-Score
ACK 57ZXB 9KO 746 159,775 ACK 0.9957 0.0226 0.5000 0.6742 0.9834 0.6463
ALK 6EOR HKJ 1665 227,247 ALK 0.9930 0.0402 0.6575 0.7913 0.9904 0.7804
CDK1 6GU2 FoZ 1241 124,473 CDK1 0.9910 0.0314 0.4537 0.6397 0.9850 0.6059
CDK2 6INL AJR 1924 225,087 CDK2 0.9859 0.0431 0.5281 0.6338 0.9845 0.6287
CDK6 5L2S 6ZV 646 256,561 CDK6 0.9966 0.0210 0.5865 0.7523 0.9895 0.7305
INSR 5E1S 5JA 1423 195,990 INSR 0.9893 0.0329 0.3779 0.5830 0.9858 0.5342
ITK 4RFM 3P6 1001 135,007 ITK 0.9945 0.0232 0.5886 0.7302 0.9905 0.7154
JAK2 6M9H JoD 5526 577,409 JAK2 0.9898 0.0472 0.8474 0.9090 0.9950 0.9114
JNK3 2B1P AlZ 658 95,252 JNK3 0.9967 0.0154 0.5905 0.7610 0.9901 0.7381
MELK 6GVX TAK 1215 246,662 MELK 0.9957 0.0229 0.7081 0.8270 0.9897 0.8188
CHK1 6FC8 D4Q 2175 21,763 CHK1 0.9895 0.0512 0.6385 0.7650 0.9846 0.7565
CK2al 6JWA 5ID 1053 10,534 CK2A1 0.9942 0.0253 0.5166 0.6944 0.9857 0.6667
CLK2 6FYL 3NG 671 6800 CLK2 0.9936 0.0259 0.2255 0.4137 0.9771 0.3485
DYRK1A 4YLK 4E2 1126 11,274 DYRK1A 0.9916 0.0321 0.4080 0.5987 0.9776 0.5591
EGFR 5GNK 80U 4757 47,541 EGFR 0.9845 0.0604 0.7536 0.8331 0.9874 0.8357
ERK2 60PH 6QB 3525 35,237 ERK2 0.9881 0.0563 0.7295 0.8292 0.9886 0.8272
GSK3B 5F94 300 2578 25,768 GSK3 0.9843 0.0554 0.5827 0.6892 0.9762 0.6856
IRAK4 6EG9 OLI 2131 21,282 IRAK4 0.9936 0.0287 0.7611 0.8611 0.9938 0.8571
MAPK2K1 4AN9 ACP; 2P7 1254 12,508 MAP2K1 0.9931 0.0319 0.5497 0.7184 0.9795 0.6954
PDK1 3NAX MP7 1117 11,166 PDK1 0.9945 0.0271 0.6310 0.7757 0.9875 0.7613
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Al nella progettazione di nuovi antitumorali

Drug Repurposing: Kinase drUgs mAchine Learning frAmework (KUALA)- Training

Drug repurposing involves the investigation of existing drugs for new therapeutic purposes
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De Simone, G., Sardina, D.S., Gulotta, M.R. et al. KUALA: a machine learning-driven framework for kinase inhibitors repositioning. Sci Rep 12, 17877 (2022)




Al nella progettazione di nuovi antitumorali

—— Drug Repurposing: Kinase drUgs mAchine Learning frAmework (KUALA)- Validation
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De Simone, G., Sardina, D.S., Gulotta, M.R. et al. KUALA: a machine learning-driven framework for kinase inhibitors repositioning. Sci Rep 12, 17877 (2022)



Al nella progettazione di antivirali (anti Sars-COV-2)

Problema:

o Progettare molecole selettive sulla proteasi virale di Sars-COV-2 (Mpro)

o Le proteasi hanno similarita dei siti di binding

o Prioritizzazione molecole con metodiche MM classiche insufficiente se
usata singolarmente

Soluzione:
v’ Sfruttare dati strutturali disponibili

v’ Creazione di un modello di classificazione binaria (Attivo/Inattivo) per
‘blindare’ |la predizione di attivita

Int. J. Mol. Sci. 2021, 22, 7714. https://doi.org/10.3390/ijms22147714
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Abstract: In the last year, the COVID-19 pandemic has highly affected the lifestyle of the world
populati ing the scientific ity towards a great effort on studying the infection
molecular mechanisms. Several vaccine formulations are nowadays available and helping to reach
immunity. Nevertheless, there is a growing interest towards the development of novel anti-covid
drugs. In this scenario, the main protease (Mpro) represents an appealing target, being the enzyme
responsible for the cleavage of polypeptides during the viral genome transcription. With the aim of
sharing new insights for the design of novel Mpro inhibitors, our research group developed a machine
learning approach using the support vector machine (SVM) classification. Starting from a dataset of
two million commercially available compounds, the model was able to classify two hundred novel
chemo-types as potentially active against the viral protease. The compounds labelled as actives
by SVM were next evaluated through consensus docking studies on two PDB structures and their
binding mode was d to well-L protease inhibitors. The best five d
by consensus docking were then submitted to molecular dynamics to deepen binding interactions
stability. Of note, the compounds selected via SVM retrieved all the most important interactions
known in the literature.

selected

Keywords: machine learning; classification; main protease; COVID-19; molecular docking

1. Introduction

The COVID-19 pandemic, also known as Severe Acute Respiratory Syndrome
Coronavirus-2 (SARS-CoV-2) is afflicting the health and routines of billions of people worldwide.

During the last few months, we are witnessing a race against time to vaccinate as
many people as possible; however, the disparities in vaccine distribution between countries
and the new emerging variants represent a further public health concern, making it hard to
reach a full immunization [1,2].

SARS-CoV-2 is a member of the betacoronavirus family, together with SARS-CoV and
Middle East Respiratory Syndrome (MERS-CoV). The enormous scientific effort worldwide
led to a better understanding of SARS-CoV-2 structure and the infection mechanism,
spotting four main druggable targets, namely the Spike (S) protein, Papain-like protease
(PLpro), RNA-dependent RNA polymerase (RdRp) and the main protease/3C-like protease
(Mpro/3CLpro) [3,4]. In particular, SARS-CoV-2 Mpro leads a crucial role in the viral
replication process. Mpro is a cysteine protease responsible for the cl ge of polypeptid
during the viral genome transcription, promoting the generation of non-structural proteins,
which can assemble to form new infectious virions. As shown in Figure 1, the Mpro
catalytic site includes four subsites, namely S1, S2, S3 and $4, hosting the binding site
of protease inhibitors. [5]. Of special importance, the catalytic dyad is enclosed into the
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Al nella progettazione di antivirali (anti Sars-COV-2)
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L'importanza di modelli computazionali (/n silico) sempre piu evoluti

ORIGINAL RESEARCH ARTICLE ,.)
Front. Physiol., 12 September 2017 | https://doi.org/10.3389/fphys.2017.00668 e
eck for
Updates

Human /In Silico Drug Trials Demonstrate Higher
Accuracy than Animal Models in Predicting
Clinical Pro-Arrhythmic Cardiotoxicity

Elisa Passini®’, m Oliver J. Britton!, Hua Rong Lu?, Jutta Rohrbacher?, An N. Hermans?,
David J. Gallacher?,  Robert J. H. Greig®, i Alfonso Bueno-Oroviotand %, Blanca Rodriguez!
1Computational Cardiovascular Science Group, Department of Computer Science, University of Oxford, Oxford, United Kingdom
2Global Safety, Pharmacology, Discovery Sciences, Janssen Research and Development, Janssen Pharmaceutica NV, Beerse,
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Software beats animal tests at predicting toxicity
of chemicals

Machine learning on mountain of safety data improves automated assessments.

Richard Van Noorden




Al nella predizione di Tossicita

Problema:

o Latossicita di un farmaco e un fattore multiparametrico

o Testare la tossicita comporta il sacrificio di molti animali e costi molto
elevati

o Trattandosi di fattori multiparmaetrici, molti test in vivo sono poco
affidabili perché il «sistema» animale e troppo differente da quello
umano

Soluzione:

v Applicare multiclassificatori che considerino contemporanemente tutti i
parametri disponibili

v Applicazione di modelli quali-quantitativi per permettere 'ottimizzazione
molecolare e la riduzione della tossicita

Vantaggi:

» Predire per molecole simili a quelle studiate |la possibile tossicita e
anticipare fallimenti nelle campagne di drug discovery

» Lavorare con dati umani opportunamente modellati e possibilita di
trasferire i modelli da un comparto ad un altro

SOT e, TaxSci

X N 20 Years  researc
[RSiSkl  www.toxsci.oxfordjournals.org « b

Machine Learning of Toxicological Big Data Enables
Read-Across Structure Activity Relationships (RASAR)
Outperforming Animal Test Reproducibility

Thomas Luechtefeld,*' Dan Marsh,' Craig Rowlands,* and Thomas Hartung*$

‘Johns Hopkins University, Bloomberg School of Public Health, Center for Alternatives to Animal Testing
(CAAT), Baltimore, Maryland 21205; ‘ToxTrack, Baltimore, Maryland 21209; ‘UL Product Supply Chain
i U iters L ies (UL), Tllinois 60062; and $University of Konstanz,
e. Konstanz 78464. Germanv

NEWS | 11July 2018

Software beats animal tests at
predicting toxicity of chemicals

Machine learning on of safety data

Richard Van Noorden
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Al nella predizione di Strutture 3D...il caso Alphafold

Problema:
o Non tutte le strutture tridimensionali delle proteine
sono disponibili (es. difficolta legate ad isolamento e
purificazione proteina)
o Gli studi strutturali stanno alla base della comprensione AlphaFold
di processi biologici e patofisiologici Protein Structure Database
Developed by DeepMind and EMBL-EBI
AlphaFold DB provides open access to 992,316 protein
structure predictions for the human proteome and other key
proteins of interest, to accelerate scientific research.
Soluzione:

v’ Sfruttare tutti i dati disponibili in letteratura su sequenze
e folding proteine (input : training/validation/test sets)
v' Addestrare reti in grado di predire la struttura
tridimensionale partendo dalla sequenza aminoacidica
v’ Predire strutture non disponibili



Al nella predizione di Strutture 3D...il caso Alphafold
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Highly accurate protein structure prediction with AlphaFold https://doi.org/10.1038/s41586-021-03819-2



Un delle piu grandi rivoluzioni nel drug discovery moderno?

® TorchDrug

Get Started  Tutorials Docs Contribute  Publications  About  GitHub

Key Features

Minimal Domain Knowledge

Build and train machine learning models for drug discovery with minimal
domain knowledge.

A powerful and flexible
machine learning platform
for drug discovery

TorchDrug is a machine learning platform designed for drug discovery,

covering techniques from graph machine learning (graph neural networks,
geometric deep learning & knowledge graphs), deep generative models to
reinforcement learning. It provides a comprehensive and flexible interface to
support rapid prototyping of drug discovery models in PyTorch.

COPY

W

Comprehensive Benchmarks

Benchmarks provide a systematic comparison of deep learning
architectures for drug discovery.

$ pip install torchdrug

Solutions to Drug Discovery Tasks

Datasets and Building Blocks

Empower fast iteration of ideas by a large collection of common datasets
and building blocks.

Scalable Training and Inference

Seamlessly scale models to multiple CPUs, multiple GPUs, or even
distributed settings.

VIEW ALL FEATURES
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Pro e contro di Al in drug discovery

Taglio drastico dei tempi di ricerca e dei costi

Maggiore precisione nella progettazione di terapie

Anticipo nella predizione di effetti tossici per salute umana e ambiente
Riduzione drastica di uso di modelli animali

Impiego per terapie personalizzate

Necessaria una profonda conoscenza di dominio medico-scientifico per applicazioni
in questo campo...rischio alto di misinterpretazione dei risultati

Necessita di grandi moli di dati per 'addestramento...non sempre disponibili

Qualita dei dati presenti nei DB pubblcii non sempre adeguata



La piu bella applicazione di Al in DRUG DISCOVERY

Al distinction

INS018_055 is Insilico’s first wholly owned program in which AI was used to identify a

novel target and generate novel small molecules through the company’s Pharma.Al

platform.

Insilico began development of INS018_055 in February 2021 using Pharma.Al The platform

incorporates a pair of specific-function platforms.

First Patient in Phase Il

INS018_055 advances in crowded idiopathic pulmonary fibrosis field

voronkov, PhD, Insilico Medicine founder and CEO; and Feng Ren, PhD, Co-CEO and CSO and Head of R&D, inside the company’s Al-powered robotics lab. Based in Hong
-held Insilico supports every one of its development programs through an autonomous robotics laboratory in Suzhou, China. [Insilico Medicine]

Three clinical candidates

IN8018=055 is one of three Insilico candidates to have advanced into clinical trials. The

others are ISM3312, an oral small molecule 3CLPro inhibitor designed to treat COVID-19;

and ISM3091, a small molecule ubiquitin specific protease 1 (USP1) inhibitor being

developed to treat BRCA-mutant breast cancer. ISM3312 is now in a Phase I trial and

actively dosing patients, Zhavoronkov said.



La rivoluzione del SARS-CoV-2 e I'importanza della condivisione

JEDI BILLION MOLECULES AGAINST
COVID19 GRANDCHALLENGE

Screening billions of possible molecular compounds that can block SARS-CoV-2

;'-?2\-
/ - .




La rivoluzione del SARS-CoV-2 e I'importanza della condivisione

molecular informatics

. A community effort in SARS-CoV-2 drug discovery
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CONCLUSIONI

Al € uno strumento sempre piu potente...e come tale va gestito correttamente

Al come strumento di collaborazioni multidisciplinari tra ricercatori in ambito medico scientifico ed
esperti del settore informatico

Al NON e una minaccia per il lavoro, NON rimpiazza gli umani, ma richiede competenze diverse dal
passato

Come qualsiasi novita Al non va temuta, ma va conosciuta e se gestita puo portare ad un miglioramento
globale!

Drug design

Literature revision & analysis
Identify drug targets

Predict new bioactive compounds

Pharmacological screening
Predict drug efficacy and toxicity
Identify drug-drug interactions

|
Clinical trials
Analyze linical trial data
Identify patient subgroups
Predict treatment response
Optimize trial designs

|

Knowledge communication & transfer
Explore the market -
Write scientific reports and publications
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Per info o collaborazioni
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