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Challenges in Drug Discovery & Development

High cost, long time
Various and emerging diseases

® Predictions Finalized @ Experimental Readout
(E918, E74)

Drug Repurposing Predictions
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Artificial Intelligence (A1 - A4)
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Network Proximity (P1 - P3) Strong 13
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4,187 drug targets Cytotoxic 14
No-Effect 39
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gy -
ww Network Medicine Framework for Identifying Drug Repurposing Opportunities for Covid-19, arXiv:2004.07229



uoljjiq Z$ 03 uoljiq T$~ ‘sieak 9121

Challenges in Drug Discovery & Development
High cost, long time

Various and emerging diseases
Abundant molecular modality
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Data-driven Methods Demonstrated a Clear Impact

MAIN ABOUT PHARMA.AI PIPELINE NEWS & MEDIA CAREERS ENG &

| ..." g o | VE=L
From Start to Phase 1in 30 Months: Al-discovered and 1

Al-designed Anti-fibrotic Drug Enters Phase | Clinical
Trial

‘g Exscienfiq ABOUT PATIENT-FIRST Al PIPELINE INVESTORS & MEDIA JOIN US CONTACT

OVERVIEW EVENTS & PRESENTATIONS STOCK INFORMATION CORPORATE GOVERNANCE FINANCIALS & FILINGS INVESTOR RESOURCES
g Recursion Investors Governance ¥ News SEC Filings Stock ¥ Resources ¥
Al-Designed Immuno-Oncology Drug to Enter Clinical Trials

2rtise now responsible for world's first and second Al-designed drugs to enter Phase |
Recursion is Granted FDA Fast Track Designation for REC-2282 for the Potential Treatment of NF2- testing

Mutated Meningiomas

¢ [wlin [P f>]=]s)

SALT LAKE CITY, Oct. 7, 2021 /PRNewswire/ -- Recursion (NASDAQ: RXRX), a clinical-stage biotechnology company decoding biology by
L g

i \II investors.exscientia.ai/press-releases/ https://insilico.com/phase1 ir.recursion.com 5



https://investors.exscientia.ai/press-releases/press-release-details/2021/exscientia-announces-first-ai-designed-immuno-oncology-drug-to-enter-clinical-trials/Default.aspx
https://insilico.com/phase1
https://ir.recursion.com/2021-10-07-Recursion-is-Granted-FDA-Fast-Track-Designation-for-REC-2282-for-the-Potential-Treatment-of-NF2-Mutated-Meningiomas
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Challenges of Al in Drug Discovery & Development

* Formulate various tasks as machine-learning-solvable tasks.

) & " _ e Gene-disease/drug interaction prediction;
‘,‘g‘:gk“ '!Zi: . Step 1: Target Identification PR Iotedctioni:
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Step 5: Manufacturing and Synthesis planning and prediction;
@ 1 compsurd Post-marketing Polypharmacy/food-drug prediction...

Supervised learning

Semi/self-supervised
learning

Generative modeling
Optimization

Reinforcement
learning

Interaction prediction

Causality inferring



Challenges of Al iIn C

rug Discovery & Development

* Formulate various tasks as machine-learning-solvable tasks.

 |dentify, retrieve, and process datasets of many different types scattered around.
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@” 1 compound Post-marketing
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o Supervised learning

o Semi/self-supervised
learning

o Generative modeling
o Optimization

o Reinforcement
learning

o Interaction prediction

o Causality inferring
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Polypharmacy/food-drug prediction...



Challenges of Al in Drug Discovery & Development

 Formulate various tasks as machine-learning-solvable tasks.
 |dentify, retrieve, and process datasets of many different types scattered around.
« Assess algorithmic advances to align with real-world and clinical deployment.

o Interaction prediction

)";} '4 G di /drug interacti dicti
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Step 5: Manufacturing and Synthesis planning and prediction; o
@ 1 cmpound Post-marketing Polypharmacy/food-drug prediction...




9k 91-21

uol||iq Z$ 03 uol|iq T$~ ‘sie

Challenges of Al in Drug Discovery & Development

* Formulate various tasks as machine-learning-solvable tasks.
 |dentify, retrieve, and process datasets of many different types scattered around.

« Assess algorithmic advances to align with real-world and clinical deployment.

How to Advance
Data-driven
Therapeutics Design?

Step 5: Manufacturing and Synthesis planning and prediction; o ...
@ 1 compouns Post-marketing Polypharmacy/food-drug prediction...
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o Supervised learning

10,000

compounds

o Semi/self-supervised
learning

o Generative modeling
o Optimization

o Reinforcement
learning

o Interaction prediction

o Causality inferring



Therapeutics Data Commons W THERAPEUTICS
/Ly DATA COMMONS

Website: hitps://tdcommons.ai (or QR code)

oAl

Paper: https://arxiv.org/abs/2102.09548 v“w_.
Github: https://github.com/mims-harvard/TDC :a?"'i

|dentify meaningful Design g
tasks and datasets Al/ML methods
TH:RAP:UTICS sc?;/rlh’:li:ts
DATA COMMONS

Biomedical
scientists

l

Facilitate algorithmic and scientific advance
In therapeutics



Wide Range of Therapeutic Modalities and Pipeline
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Three-Tier Design

Problems

Single-instance
Prediction

O Y

Multi-instance
Prediction
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Datasets

SARS-CoV2 Leenay
Caco2 CYP2C19
Half Life IEDB HIA

GDSC BindingDB
HuRI SAbDab IEDB
TWOSIDES KIBA

JNK3 DRD2 USPTO
ChEMBL GSK3Beta
MOSES QED ZINC

DATASET INDEX
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Unified, Light-weighted and User-friendly

3 Lines of Code

The core TDC library uses minimum packages thus is installed

P ip install PYTDC ‘ + hassle-free. Data loaders are simplified so that you can get

access to ML-ready datasets within only 3 lines of code.

In [ ):

In [ ]:

14



TDC has more than Datasets

« Ecosystem of tools, leaderboards, and community resources, including data
functions, strategies for systematic model evaluation, meaningful data splits, data
processors, and molecule generation oracles

Model performance evaluators Meaningful data splits

Data Split
Model Data.
Evaluation Processing

Molecule
Generation
Oracles

Regression Metric

Mean Squared Error (MSE)
Mean Absolute Error (MAE)

Coefficient of Determination (R?)

Binary Classification Metric

Area Under the Receiver Operating Characteristic Curve

(ROC-AUC)
Area Under the Precision-Recall Curve (PR-AUC)

Accuracy Metric

Cohen's Kappa (Kappa)
Token-level Classification Metric

Average ROC-AUC

Data Split Overvie! W

Random Split
Scaffold Split

Cold-Start Split

Data processing helpers

Label Distribution Visualization
Label Binarization
Label Units Conversion

Graph Transformation for Pair Data
Negative Samples for Pair Data
From PubChem CID to SMILES

From Uniprot ID to Amino Acid Sequence

15



« Ecosystem of tools, leaderboards, and community resources, including data
functions, strategies for systematic model evaluation, meaningful data splits, data
processors, and molecule generation oracles

_inngI e

In [ ]: |

split

Data Spht
SSSSS
Model
Evaluatlon
Molecule
Generatlon Multi-class Classification Metric
Oracles .
Mi F1, Micro-Precision Micro-Recall, Accurac Yy
ples
Macro- F1
em
Coh Kappa (Kappa) ID to Am

Token-level Classification Metric

Average ROC-AUC




Benchmarks and Leaderboards

Team 1

Team N

TDC Dataset

\_

TDC benchmark provides a dataset, a dataset split, and performance

metrics to evaluate Al/ML models

Synthesizability
Diversity
Novelty

Top Docking Score
N % Pass Mol Filters
. AUPRC
= (=] AUROC

) =) B MSE

o/

BZ 7

1

!
III
0
1]
i

TDC.Split TDC.Evaluator

TDC.BenchmarkGroup
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Benchmarks and Leaderboards

Loading TDC
benchmark class

Get ML-ready
train/val/test data

Train your model

Return ready to
submit metrics

S [ (A |

from tdc.benchmark group import admet group
group = admet group(path = ‘data/')
benchmark = group.get('Caco2 Wang')

predictions = {}
name = benchmark[ 'name’ ]
train val, test = benchmark('train val'], benchmark( 'test')

## === train your model =--- ##
predictions[name] = y pred

group.evaluate(predictions)
# {'caco2 wang': {'mae': 0.234})

18



Benchmarks and Leaderboards

® © ® P DRD3 Leaderboard - TDC x 4+ v
& > C @ tdcommons.ai/benchmark/docking_group/drd3/ Qax NG eta»x0
m Home QuickStart Datasets v DataFunctions v  Leaderboards v News Team Paper Docs GitHub

TpC.DRD3 Leaderboard

Docking Target Summary
Dataset Diseases Link to DRD3 target protein
DC.DRD3 Tremor, Schizophrenia Uniprot Page

Load i ng TDC from tdc.be nchmark_group hport admet_group Leaderboard: Models Make at Most 5000 Oracle Calls

benchmark ClaSS group — ad!net_group(path = 'data/ ' ) Rank  Model Contact  Link #Params  Toplo0l  Toplol  Topld Divert  Novelt  %Passt Topl-Pl Ml Molecules

- Best-in- - r = -12.080 -12590 -12.800 0.864 & 0.780 -1.700 5100 Link
. ' data
benchmark = group.get('Caco2 Wang')

e 1 Graph-GA  Tianfan GitHub, J -14.811 + -15.930 + 16533 + 0626 + 1.000 + 0393+ -14.267 + 9669 + Link

Fu Paper 0413 0336 0309 0.092 0.000 0.308 0.450 0.468
2 SMILES-  Tianfan  GitHub, 3149000 -13017¢  14030% -14533: 0740 1000+ 0257+ -12533: 5826+  Link

" ™ LSTM Fu Paper 0385 0421 0525 0.056 0.000 0103 0403 1908
G et M L_ ready predlc t lons — { } 3 GCPN Tianfan GitHub, 17,600 -10.045 + -N483 ¢ -12300 £ 0922+ 1.000 ¢ 0167 £ -9367 ¢ 10.000 £ Link

Fu Paper 0.226 0.581 0.993 0.002 0.000 0.045 0170 0.000

. ' '

train/val/test data name = benchmark([ 'name’ ] 4 wAS  Tamn  Omub 0D 9509: oem: M 0ST: 10005 0S:  S000: 70T ik

Fu Paper 0035 0172 0450 0002 0000 0087 0082 0798

. .

tra in val ’ test — benchmrk[ - train Val - ] ’ b 5 MolDQN  Tianfan  GitHub, ~ 2694800 -8236:  -9348: 9990+ 0893+ 1000+ 0023+ 7980+ 10000%  Link

— — Fu Paper 0.089 o188 0194 0.005 0.000 0.012 omnz2 0.000

11: The lower/higher, the better. Click 41 to sort based on the specific column.

S [ (A |

Train our model - *Rank is based on Top 100 average docking scores.
y ## —_—— tra in }’0 ur model —_— #" * Novelty is calculated against the ZINC training dataset.
. .
-
Retu m ready tO predJ'Ct ions[name] Y_Pred Leaderboard: Models Make at Most 1000 Oracle Calls
H H 3 3 Rank  Model C Link #Pa Toplool  Toplol Topll Divert  Novelt  %Passt  Topl-PL Ml Molecul
Smelt metrICS group. evaluate ( predlctlons ) an el ontact inl rams opl fopl fopl iver. ovel a op. olecules
- Best-in- - - - 12080  -12590  -12800 0864 - 0.780 11700 5100 Link
’ ’ ' ' data
# {'caco2 wang': {'mae’': 0.234})
_ 1 Graph-GA  Tianfan  GitHub, O MN24: 2400+ 13233+ 0815: 1000+ 0777+  -10600: 7695+  Link
Fu Paper 0484 0782 on3 0046 0000 0096 0374 0909
2 SMILES-  Tianfan  GitHub, ~ 3149000 -9971:  -Ne3:  -N967: 0871 1000: 0777+ 9367+  4818:  Link
LSTM Fu Paper ons 0141 0.205 0004 0000 0026 0094 0541
3 GCPN Link




Benchmarks and Leaderboards

« Scaffold split
* No single method has the best performance across the board!

Raw Feature Type |  Expert-Curated Methods | SMILES | Molecular Graph-Based Methods (state-of-the-Art in ML)
Dataset | Metric | Morgan [31] RDKit2D [24] | CNN[18] | NeuralFP[7]  GCN [23]  AttentiveFP [43] AttrMasking [16] ContextPred [16]
\ # Params. \ 1477K 633K \ 227K \ 480K 192K 301K 2067K 2067K

TDC.Caco2 ({) MAE 0.908+0.060 0.446+0036 | 0.530+0.102  0.599-+0.104 0.401+0.032 0.546+0.052 0.502+0.036
TDC.HIA (1) AUROC 0.807+0.072 0.972-+0.008 0.869-+0.026 0.943+0.014 0.936+0.024 0.974+0.007 0.978-+0.006 0.975-+0.004
TDC.Pgp (1) AUROC 0.880-+0.006 0.918+0.007 0.908+0.012 0.902+0.020 0.895-+0.021 0.892+0.012 0.929+0.006 0.923+0.005
TDC.Bioav (1) AUROC 0.581-+0.086 0.613+0.013 0.632+0036  0.566+0.115 0.632-£0.039 0.577=x0.087 0.671+0.026
TDC.Lipo ({) MAE 0.70140.009 0.574+0.017 0.743+0.020 0.563+0.023 0.541+0011 0.572+0.007 0.547+0.024
TDC.AqSol () MAE 1.203+0.019 0.827+0.047 1.023+0.023 0.947+0.016 0.907+0.020 [0.776x0.008 | 1.026+0.020 1.040+0.045
TDC.BBB (1) AUROC 0.823+0.015 0.889-+0.016 0.781-+0.030 0.836-+0.009 0.842+0.016 0.855+0.011 0.892+0.012 [[0.897=0.004]
TDC.PPBR (}) MAE 12.848+0.362 9.994+0.319 11.106+0.358 | 19.292+0.384 | 10.194+0.373 9.373+0.335 10.07540.202 9.445+0.224
TDC.VD (1) Spearman | 0.493+o.011 - 0.561+0.025] 0.226-+0.114 0.258+0.162 0.457+0.050 0.241+0.145 0.559+0.019 0.485-+0.092
TDC.CYP2D6-I (1) | AUPRC 0.587+0.011 0.616-£0.007 0.544+0.053 0.627+0.009 0.616+0.020 0.646-+0.014 0.721+0.009 0.739=0.005
TDC.CYP3A4-1 (1) | AUPRC 0.827+0.009 0.829+0.007 0.821+0.003 0.849+0.004 0.840+0.010 0.851+0.006 0.902+0.002 0.904-+0.002
TDC.CYP2C9-1 (1) | AUPRC 0.715+0.004 0.742-+0.006 0.713+0.006 0.739+0.010 0.735+0.004 0.749-+0.004 0.829-+0.003 0.839-+0.003
TDC.CYP2D6-S (1) | AUPRC 0.671+0.066 0.677+0.047 0.485+0.037 0.572+0.062 0.617+0.039 0.574+0.030 0.704+0.028 0.736+0.024
TDC.CYP3A4-S (1) | AUROC 0.633+0.013 0.639+0012  |[ 0.662<0.031] | 0.578+0.020 0.590-+0.023 0.576-+0.025 0.582+0.021 0.609-+0.025
TDC.CYP2C9-S (1) | AUPRC 0.380+0.015 0.360-+0.040 0.367+0.059 0.359+0.059 0.344+0.051 0.375+0.032 0.381+0.045 0.392-+0.026
TDC.Half_Life (1) Spearman || 0.329-+0.083 0.184+0.111 0.038+0.138 0.177+0.165 0.239+0.100 0.085+0.068 0.151+0.068 0.129+0.114
TDC.CL-Micro (1) | Spearman | 0.492+0020  [0.586:£0.014] 0.252+0.116 0.529+0.015 0.532+0.033 0.365+0.055 0.585+0.034 0.578-+0.007
TDC.CL-Hepa (1) Spearman | 0.272+0.068 0.382+0.007 0.235+0.021 0.401+0.037 0.366+0.063 0.289-+0.022 0.413+0.028 [70.439-0.026)
TDC.hERG (1) AUROC 0.736+0.023 " 0.341£0.020] 0.754+0.037 0.722+0.034 0.738+0.038 0.825+0.007 0.778+0.046 0.756-£0.023
TDC.AMES (1) AUROC 0.794+0.008 0.823+0.011 0.776+0.015 0.823+0.006 0.818+0.010 0.814+0.008 0.842-+0.008 0.837-+£0.009
TDC.DILI (1) AUROC 0.832+0.021 0.875+0.019 0.792+0.016 0.851+0.026 0.859+0.033 0.886+0.015 0.919-+0.008 0.861+0.018
TDC.LD50 ({) MAE 0.649+0.019 0.678+0.003 0.675+0.011 0.667+0.020 0.649+0.026 0.678+0.012 0.685-+0.025 0.669-£0.030




TDC Serves the Whole Lifecycle

i i ~ sl THERAPEUTICS
Lifecycle _of Theraqeutlcs LAN/I\ I DATA COMMONS
Machine Learning

22 | earning Tasks TDC Data Spllt Functions

Cell & Gene
Small-Molecule Macromolecule f Therapy é‘fy

15 Tasks 8 Tasks 2 Tasks Y
®  Formulate meaningful

208, | K
7~ learning tasks Target Activity « Efficacy

Discovery Modellng & Safety . & Ma:ﬁ:zﬁjsr'nﬁ
5 Tasks 13 Tasks 6 Tasks

66 Al/ML-Ready Datasets

Drug_ID Drug Y
15’919’3_32 CHEMBL15932 COc1ccec2[nH]ncc12 2.10
Data Points
CHEMBL1527751 Oc1ncnc2sce(-c3cesc3)c12  2.25
Retrieve, harmonize,
and curate datasets 1,521
0@ 34,314 3,083 gRNAs _3,465

O Entity Type 3

Random Scaffold Temporal Cold-start Combination
Split Split Split Split Split

TDC Molecule Generation Oracles

TDC
Oracle m

Genes 5 microRNAs 1,994,623
4,264,939 Antigens

Reactions
Compounds 3,656 3
Antibodies 7,095 MHCs 1,010
Cell

59,951 1
Diseases

Peptides

Lines

TDC Data Functions Generated
8 5 Realistic TDC Data Splits Functions Molecules Optlmlze
Design, develop, and -
@3 train machine learning hA# 17 TDC Molecule Generation Oracles [Dockmg] [ASKCOS] [ JNK3 ] [ GSKB ]
model o
‘@j 11 TDC Data Processing Helpers [ DRD2 ] [ M1 ] [ QED ][ ...... ]
23 TDC Evaluator Functions TDC Data Processing Helpers
= Test model performance Regression: 6 Metrics Binary: 8 Metrics [Format Exchange | | Visualization |
in evaluating its behavior - Label istrbutionof Caco2 warg Datset
across data regimes Multi-class: 3 Metrics Molecule: 6 Metrics { m‘

TDC Leaderboards : . //\
22 ADMET Group Benchmarks . :

inati Binarization | | Data Balancing | |Unit Conversion
Compare the model 5 Drug Combination Group Benchmarks [ ][ 9][ ]
to alternative strategies ] . [ Database Query ] [ Molecule Filters ][ ...... ]

1 Docking Score Molecule Generation Benchmark

1 Drug-target Binding Generalization Benchmark 21




And Innovation!

Lifecycle of Therapeutics
Machine Learning

@ Formulate meaningful
23 learning tasks

IE, Retrieve, harmonize,
- and curate datasets

model

[ ]
Design, develop, and
@3 train machine learning <:|

in evaluating its behavio

=~ Test model performance
r
across data regimes

Compare the model
to alternative strategies




And Innovation! Not just a low-code
implementation of existing models!

Lifecycle of Therapeutics
models.GIN(input_dim=dataset.node_feature_dim,

Machine Learning
hidden_dims=[256, 256, 256, 2561,
short_cut=True, batch_norm=True, concat_hidden=True)

model

tasks.PropertyPrediction(model, task=dataset.tasks,
criterion="bce", metric=("auprc", "auroc"))

<:|ﬁ§

task

23 learning tasks

{ @ Formulate meaningful

import deepchem as dc
from deepchem.models.graph_models import GraphConvModel

IE, Retrieve, harmonize,
- and curate datasets

Design, develop, and
%3 train machine learning
model

{ = Test model performanc]
r

in evaluating its behavio
across data regimes

Compare the model
to alternative strategies




More Coming Soon

« 3D pocket molecule generation datasets.
« 3D representation convertor
* Protein representation with Graphein

ZINC450573233 ZINC895657866

~

Mos© Y150 - °_/Mesg' D29 /E%\'/
(J Q772/ /(7 2/
H21/ ‘ H21 /" Q77 \

ZINC544117725 ZINC548355486

Protein graphs representation

-~ N Pocket-based 3D molecular generation
coe : 24



Slack Channel for Users

#new-member: introduce and connect

TDC v #new-member v  Introduce yourself!
o #announce: update from TDC team
s #feature-request: discuss new features
A All DMs © YouTube Thursday, August 5th v . . . .
@ Mentions & reactions AlNeuroCare #job-posting: sharing relevant positions
Unleash The Digital Healer in You! If Anyone Saved A Life, It Would Be As

N Saved items If He Saved The Life of All Mankind Coaching Clinicians About; Digital

: NeuroCare
< Slack Connect Health Al in Healthcare Value based Care Neurology PRt

More Al Newsletter.aineurocare.com

_ AlNeuroCare - Learn with me!
v Starred Al In HealthCare, Digital Health, Value-based Care, Neurology AI

announce

e . NeuroCare
feature-request

Kadi Liis Saar 3:06 AM

Hi everyone, Just came across this group! My background is in experimental biophysical chemistry and | am now developing various
computational approaches, including ML-based methods, for modelling biomolecular interactions. My work is mostly academic but | also
random work with a drug development startup.

| wondered if people in this group were keen for a virtual meetup, maybe with some speed-dating element?

job-posting

new-member

v Channels

6 core Saturday, August 14th v
& core-team
Haoran Liu 8:47 AM
8 tdc-dev . Howdy! Wonderful work by TDC! | am Haoran Liu, a first year PhD student in Texas A&M majoring in Computer Science. Prior to TAMU, |
+ Add channels graduated from Waseda University, Japan. My current research topic focus on Deep Graph Learning+BioMed, including
molecule/RNA/DNA structure prediction/generation. | don't have any Biology background but | am very interested in all kind of
v Direct messages therapeutics science topics. Welcome to discussion and collaboration in Al+Bio! -tinyu r| .Com/tdC'SlaCk
g Slackbot (E @

3‘. Kexin

s

i Message #new-member
5. (o]

Bharath Ramsundar

CAleca Lilidafan et @ ® 0 & ¢

new-member




. . . . TR AN
TDC is an Open Science Initiative! ~ MtPsv//tdcommons.al [Bl:tmle

L/N THERAPZUTICS
DATACOMMONS

.'I

« We welcome contributions from valuable therapeutic problems posing P [m]
to data deposit and adding functions.

2 ™ ttics Data Common: ar
¢ 5 C O & tdcommons ai a % ¢ © % @ (Upsae ?)
~

Therapeutics Data Commons
Machine Learning Datasets and Tasks for Therapeutics

Get Started Join Mailing List Follow on Twitter

Therapeutics Data Commmons (TDC) is the first unifying framework to systematically
access and evaluate machine learning across the entire range of therapeutics.

Therapeutics machine learning is an exciting field with incredible opportunities for
expansion, innovation, and impact. The collection of curated datasets, learning
tasks, and benchmarks in TDC serves as a meeting point for domain and machine
learning scientists.

We envision that TDC can considerably accelerate machine-learning model
development, validation and transition into biomedical and clinical

Wenhao Gao Ma”nka Z|‘tn|k implementation.

_,!j.@gt HARVARD I I I HEl Massachusetts

Institute of
UNIVERSITY Technology

Nialtesie ™ Stanford _
W %I?Ef(grlslty % University - = lQV | /_\ I ILLINOIS
UAL 26



