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Write a summary on how Al can accelerate drug discovery

Summary: Accelerating Drug Discovery with Arti

ial Intelligence

Artificial (Al) is the

industry by

accelerating the drug discovery process. Traditionally, developing a new drug is a time-

consuming and costly endeavor, often taking 10-15 years and costing over $2 billion to

bring a single drug to market. High failure rates, with approximately 90% of clinical
failing, further the chall

Al addresses these hurdles by leveraging advanced computational techniques and
machine learning algorithms to streamline various stages of drug discovery

Data Mining and Integration: Al can process vast amounts of biological and chemical
data, including genomics, proteomics, and clinical records. By integrating this
information, Al uncovers patterns and insights that might be missed by traditional
methods.

~

Predictive Modeling: Machine learning models can predict how potential drug
molecules will interact with biological targets, assess their efficacy, and evaluate
potential toxicity. This reduces the reliance on costly and time-consuming laboratory
experiments in the early stages.

w

Virtual Screening: Al algorithms can virtually screen millions of compounds to identify
those most likely to bind to a target protein effectively. This significantly narrows down
the list of candidate molecules for synthesis and testing.

IS

De Novo Drug Design: Al enables the generation of entirely new molecular structures
with desired biological properties. Generative models can design novel compounds
that may not exist in current chemical libraries.

o

Clinical Trial Optimization: Al aids in designing more efficient clinical trials by
identifying suitable patient populations, predicting outcomes, and monitoring trial data
in real-time to make necessary adjustments.

Benefits of Al in Drug Discovery:

* Reduced Time and Cost: By automating and optimizing various processes, Al can
shorten the drug discovery timeline from years to months, significantly reducing
associated costs.

Increased Success Rates: Enhanced predictive capabilities lead to better candidate
selection, improving the likelihood of clinical success.

+  Innovative Therapies: Al can identify novel targets and mechanisms of action, paving
the way for breakthrough treatments for diseases lacking effective therapies.
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Please give me SMILES structure of an inhibitor with in vivo
efficacy directed at SARS-CoV-2 Papain-like protease, with
literature reference

Thought for 21 seconds

As of my knowledge cutoff in October 2023, one inhibitor of the SARS-CoV-2 papain-like
protease (PLpro) with demonstrated in vivo efficacy is Dihydrotanshinone 1.

OH

SMILES Structure:

mathematica & g (@]

Literature Reference:

Zhang, L., Lin, D., Sun, X., Curth, U., Drosten, C., Sauerhering, L., Becker, S., Rox, K., &
Hilgenfeld, R. (2021). Crystal structure of SARS-CoV-2 papain-like protease. Acta
Pharmaceutica Sinica B, 11(1), 237-245. https://dei.org/10.1016/j.apsb.2020.08.014

Explanation:

+ Dihydrotanshinone | has been identified as a potent inhibitor of SARS-CoV-2 PLpro.

* Studies have demonstrated its efficacy

n vivo models, showing significant antiviral

activity.

* The provided SMILES string represents the chemical structure of Dihydrotanshinone |,
which can be used for computational analyses or further research.
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Virite a summary on how Al can accelerate drug discovery
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Summary: Accelerating Drug Discovery with Artificial Intelligence

Artificial (Al) is the industry by

accelerating the drug discovery process. Traditionally, developing a new drug is a time-

consuming and costly endeavor, often taking 10-15 years and costing over $2 billion to

bring a single drug to market. High failure rates, with approximately 90% of clinical
failing, further the chall

Al addresses these hurdles by leveraging advanced computational techniques and
machine learning algorithms to streamline various stages of drug discovery:

Data Mining and Integration: Al can process vast amounts of biological and chemical
data, including genomics, proteomics, and clinical records. By integrating this
information, Al uncovers patterns and insights that might be missed by traditional
methods.

~

Predictive Modeling: Machine learning models can predict how potential drug
molecules will interact with biological targets, assess their efficacy, and evaluate
potential toxicity. This reduces the reliance on costly and time-consuming laboratory
experiments in the early stages.

w

Virtual Screening: Al algorithms can virtually screen millions of compounds to identify
those most likely to bind to a target protein effectively. This significantly narrows down
the list of candidate molecules for synthesis and testing.

IS

De Novo Drug Design: Al enables the generation of entirely new molecular structures
with desired biological properties. Generative models can design novel compounds
that may not exist in current chemical libraries.

o

Clinical Trial Optimization: Al aids in designing more efficient clinical trials by

identifying suitable patient populations, predicting outcomes, and monitoring trial data

in real-time to make necessary adjustments.
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As of October 2023, one of the most st
like protease (PL<sup>pro</sup>) With icpuiieu m vive siivavy 19 vnevw s, 1ine

compound has shown promising results in both in vitro and in vivo studies by inhibiting
PL<sup>pro</sup> activity, which is essential for viral replication and immune evasion.

SMILES Structure of GRL0617:

(c)(c)oc(=0) (CC1)C(=0)C2=CC=CC=C2C(=0)NC3=CC=CC=C3

Literature Reference:

* Shin, D. et al. (2020). "Papain-like protease regulates SARS-CoV-2 viral spread and
innate immunity." Nature, 587, 657-662. D0I:10.1038/s41586-020-2601-5

This study demonstrates that GRLO617 effectively inhibits SARS-CoV-2
PL<sup>pro</sup> activity in vitro and reduces viral replication in infected cell
cultures. iti in vivo exp using mouse models indicated that
GRL0617 administration led to a decrease in viral load and amelioration of disease
ighlighting its ial as a peutic agent against COVID-19.

Please note that while GRL0617 has shown in vivo efficacy in preclinical models, further

research and clinical trials are necessary to confirm its safety and effectiveness in
humans.

peo). with a1 1C g
o

Quantity  Customer Review

o s
N Compound Screening Library
o v F
ot B

o

o e

Inhibitor Cocktails

cease Inhibite Cochzal

or Cocktsl

o
z
I




- A@AT P A®MT | ~urkako

4.2
L=(D/5.4-1013)700%
3.9
Complexity, 3.6
E Drug discovery? = Emm”hmm Language models:
@ .= m ~ 1 trillion words 3.0
= scraped from WWW .
‘ 10° 10°
Dataset Size
)| Image classification: tokens
1000 classes of images
1.2M total training set
............... Dataset size
Prtan
Physical

understanding




A little bit about us

A PostErais an Akfirst biotech founded in 2019,

A

focusing on small molecule therapeutics.

We are developing our own drug pipeline as
well as working with pharma partners.

We raised $26M in venture capital funding,
and closed $1Bn in Al partnerships across

multiple partners including Pfizer and Amgen.

This talk is solely my opinion, and does not represent our collaborators



The PostEra platform

Therapeutic Area Owner
Women's Health

Fertility

Fertility

Women's Health

Virology
Virology
Oncology

Obesity Undisclosed

CoviD

Pandemic
Preparedness

Pandemic
Preparedness

Early Discovery

Late Discovery IND-Enabling

Partnered Pipeline

Open Science Pipeline

Clinic

PostEra Rights

Wholly Owned

Wholly Owned

Wholly Owned

Wholly Owned

Milestones + Royalties

Milestones + Royalties

Milestones + Royalties

Milestones + Royalties

Non Profit

Non Profit

Non Profit




How can machine learning impact drug discovery?

Target Hit discove Hit-to-lead Lead Preclinical Clinical
nomination Y optimization development  development

Chemical synthesis



A money ball approach to drug design

Suppose | can makeN compounds in a batch, with probabilityp a compound is a
breakthrough, what is the probability | get a breakthrough?

Breakthrough probability* =1 - (1-p)N

Chance of improvement with at least one of 15 compounds with 5% chance of working = (1 - 0.05)° =

0.53

is higher than chance of one compound with 50% chance of improvement if investment resources are the

same!

*assuming independence



ldentifying hits by predicting binding hotspots from
binding site structure
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|dentifying hits by predicting bmdmg hotspots from Hit discovery
binding site structure
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Pharmacophore

Generation Model Matching with

vector search:
~10 seconds

Search
Result

1

Hits
5k| ka~2"®s| q z~g”z « AALRPNASG12q, e2P1k1681H (2643) N~ ~ 2 O
FBDD: W. JMcCorkindaleO AAL, biorxiv, doi:10.1101/2022.11.21.517375

Exact matching of top 100K
molecules with alignment &
ML-based scoring:
~70 minutes




Explore chemical space by designing high throughput

libraries

1. Decompose hit into chemical building

blocks
2. Machine learning searches purchasable é % ..... @

grk{sg”"z «8"gk p~2 é««s{sz"raeg

3. Reconnect the building blocks to form an
informative library

A. Morris, W. J. McCorkindaleé AAL, Chemical Communications, 57, 5909 (2021)
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Hit-to-lead




Hit-to-lead

High throughput chemistry meets structural biology
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Finetune molecular scaffolds using interpretable
generative models optimization

Lead

MedChem Moves Search
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Predicting chemical synthesis by a natural language e

synthesis
reactants reagent & conditions product
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A OurMolecular Transformer model
is state-of-the-art. Jin etal. (2017) IBM (2018) Coley etal. - Molecular

A Molecular Transformer is10%
more accurate than the best Test set 79 6%
human chemists. accuracy

(2019) Transformer

80.3% 85.6% 90.4%

P. Schwalleré AAL, ACS Central Science, 5, 1572 (2019)



Chemical
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Case study: Antiviral development against SARSCoV-2
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High-throughput X-ray fragment screen against SARSCoV-2
main protease (Mpro) amid the first lockdown in 2020

Intensity
N »

February 14 February 20

Main protease Atomic resolution Covalent screen 1,500 crystals 78 fragment-bound
cloned and produced structure of the finds 150 collectedin 1 day (!) structures solved
protease active site hits >40
determined hits validated a:g (r;(e)i/eaﬁﬁ? ftgé:fe\:]v;b

71 active site fragments



Fragments richly cover theMpro active site

Could fragment merges reveal a path
to potent inhibition?

Douangamath et al., Nature Communications 11:5047 (2020)



Hit-to-lead via synthesisdriven design strategy

Crystallographic
fragment screen
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ICso = 720 NM

|C50:24>M ICSO: 140 nM |C50:80I'1M

Fragment-to-Hit APotent non-covalent lead
1 month from cold start identified after 6 months.

AThe optimisation process focuses
on deliveringligand efficient
molecules that engages tightly

with the substrate envelope. . CPE assay (Calu3)
E— "
Lead optimisation focuses on
addressing DMPK. |
E w | EGo=244nM
* ]
own o1 o1 1 16
[Concentraton)ubd

M. B o bb yGhddera*AAL* N. London*, A. von Delft*, F. von Delft*, Science, 382, 663 (2023)



