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NPP Summit (Fierce Biotech) #NEWPRODUCT

PLANNING

Summit

We have had several meetings with the conference organizers from Fierce Biotech and
believe this will be a good conference for this group to consider attending

October 16 - 17

Boston

All NPP professionals
should consider
aftending

/\ We have secured 2 Free
Passes for NPP network
members who work in
Raffle industry (no consultants) to

attend this conference. |If
interested, please email me
at
michaeljiconlon@yahoo.com

by EOD tomorrow (?/7)

We have also negotiated a 20% discount for this
group. Please use NPPNETWORK when signing up
to get this discount

For more information about the conference: https://www.newproductplanning.com/
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Agenda / Topics

Use of Al/ML in Drug Discovery
mplications of Al/ML in Drug Discovery for NPP
Jtility of Al/ML in Commercial Strategy




Pre-Meeting Survey Results

Do you have experience with artificial intelligence-related
projects at your firm?

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

Yes - 18%

Not yet but | expect to within next six months - 16%
| Don't Know I 3%

NA 0%

N = 38 respondents




Pre-Meeting Survey Results

Does your firm use artificial intelligence for one or more of the
following purposes? Please select all that apply

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

Drug discovery and design _ 27%

Patient identification and analysis - 14%

otherreD [ 3%

Other commercial applications _ 24%

Any other purpose I 3%

N = 38 respondents




Pre-Meeting Survey Results

What have been the biggest challenges with respect to adopting
Al practices within your organization? Please select all that apply

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

Lack of budget - 11%
Lack of internal champion _ 27%
Inability to identify a use case _ 22%

Difficulty with planning and execution _ 19%

Difficulty with interpretation - 14%

No or little difficulty. Al Applications have been - 8%
incorporated into my organization's workflows. °

NA - I o7

N = 38 respondents




Today's Panel

Jacob Berlin Becca Levin Nitin Choudhary
CEO Director, Corporate Strategy
Terray Therapeutics Eikon Therapeutics

Commercial Executive.
Experience IMP.ai,
Symphony, Cognizant.
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Jacob Berlin
CEO
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Propelling Drug Discovery into the Information Age T E R R .ofo. Y

[
L]
We’re improving human health by .
transforming the speed, cost and success rate ® e
of small molecule drug development using L
computation integrated with novel data October 2018
streams at scale. L —
Monrovia, CA
Team:
80 Employees
Equity Capital Raised To-Date:
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Machine Learning vs. Traditional Programming

TERRSY

“Field of study that gives computers the ability to learn without being explicitly programed.” -Arthur Samuel (1959)

Traditional Programming

Rules/Program
(INPUT)

Y @
-
U

Answers
(OUTPUT)

Machine Learning

Answers
(INPUT)

« @
-

v

Rules/Program
(OUTPUT)




Med Chem Example: Traditional Programming

Lipinski’s Rule of Five: A rule of thumb to evaluate druglikeness

An orally active drug has no more than
one violation of the following criteria:

« MW <500 g/mol

* logP<5
 HBA<10
 HBD<5

Rules Data

“« ¢
-

lAnswers

Name Druglike?
Bosutinib a
Dabraftenib e
Dasatinib 1
Ponatinib e
sunitinib 1

TERRSY

Molecule

Name

MW

logP | HBA | HBD

Bosutinihb

538.4

5.19

7

1

Dabrafenib

Dasatinib

Ponatinib

sunitinib

519.5

488.8

532.5

398.4

5.36

3.31

S5.84

3.33




Med Chem Example: Machine Learning (ML)

Lipinski’s Rule of Five: A rule of thumb to evaluate druglikeness

Molecule

Druglike?

a

Fh g
G
s,
o
evacans

1

Labels

—

Answers Data

U

Al Model

TERRSY

Features

A

Molecule

Name

MW

logP

HBA

HBD

Bosutinihb

538.4

5.19

Dabrafenib

519.5

5.36

Dasatinib

488.8

3.31

Ponatinib

532.5

S5.84

“« ¢
-

Fhy
G

s,
o

evacans

sunitinib

398.4

3.33




Med Chem Example: Machine Learning (ML)

Lipinski’s Rule of Five: A rule of thumb to evaluate druglikeness

Molecule

Druglike?

a

Fh g
G
s,
o
evacans

1

L
Labels

Answers

Data

Y @
-
U

TERRSY

A

| |

Molecule Name MW | logP | HBA | HBD
% Bosutinib |53@.4|5.13| 7| 1
L%IP._]?P Dabrafenib |519.5|5.36| 5| 2
C%)—CI‘%/\ Dasatinib |488.8(3.31| 6| 3
go-(o\/fb Ponatinib [532.5|5.84 5 1
W Sunitinib |398.43.33 3 3

. Rules/Program

Al Model

" (INPUT)

Answers
(ouTPuT)



Opportunity

avocado armchair_

Confidential

Computational power and accuracy
is at a transformative moment.

Text Prompt Generated Image

Input Output

Text-image Pairs

Data at Scale

Compute Power

Storage

DALLeE, Stable Diffusion, Midjourney

Al Text to Image Generators

TERRSY

16



Opportunity T E R R o'?'oY

Precise experimental data at sufficient scale has exponentially increased the
biological target opportunity...

Highly Accurate Protein

Amino Acid Sequences il
Structure Predictions

Input
Output

Protein Crystal Structures

Experimental Data at Scale

Compute Power

Storage

AlphaFold

Protein Structure Prediction



Opportunity

2l

...but the chemistry to solve these biological
problems has remained slow and failure prone.

Highly Effective Small Molecule

Therapeutic Targets i
Therapeutics

Input
Output

Biochemical Measurements

Experimental Data at Scale

Compute Power

Storage

No Platforms Exist

Novel Small Molecule Therapeutic Discovery

TERRSY



Our Solution T E R R o'?'oY

We’'re unlocking the power of modern
computation in small molecule drug discovery.

Highly Effective Small Molecule
Therapeutics

Output

@ Therapeutic Targets
Input

Biochemical Measurements

Experimental Data at Scale

Compute Power

Storage

TERR&Y

tNova: Small Molecule Drug Discovery Platform



tNova Platform - Overview

TERRSY

tNova: Small Molecule Drug

Discovery Platform

TERRSY

~ s

Computation (tCompute)

Design
Generative Al leverages a
growing database of 50B+

values

AR AR R R S S AR RN NY

|
Analyze

25 TB of image data is converted to bindin
affinity each day to identify potent and
selective molecules

Experimentation (tArray)

Add 4M new library
molecules a week to a
collection of 60M+

|

Make

Test

2M molecules against a
target in 5 min

J

\




tNova Platform — How to Think About Our Workflow

How We’re Mapping the Molecular World

Finding a small molecule drug for a target with tNova is like finding a route to an unknown moutaintop

Grid search of a state

Grid search of a large area to find a region of
interest that looks mountainous.

(Diversity Library Screening)

Zoom in, find basecamps

Zoom in on the region of interest to find
suitable basecamp locations.

(Focus Libraries)

Uncover the mountain,
find the best trail

Use elevation data for a new perspective,
revealing the mountain - and the best path to
reach the top.

(Generative Design)

TERRSY

Our goal:
summiting every peak
With our throughput and scale, we can not only find

every mountain — but also the more efficient way to
the top.



tNova Platform - Workflow

TERRSY

Our tNova Workflow

Targets
of Interest

Diversity Library
Screening

First, we measure the
interaction of every target with
30M+ unique molecules in our

drug-like 2-cycle diversity

Focused Library
(Active Learning)

Then we feed the resulting hit
data to ML models to iteratively
build and test 2- and 3-cycle
focused libraries of 2M+

0

Generative
Drug Design

Finally, we use our proprietary
ML models to design property-
optimized non-combinatorial
molecules.

Biological
Testing

Biochemical, Cell, ADME, and
more.

libraries. molecules in just weeks.
J
FTE synthesis
Scaled-up robotic resynthesis
Microscale robotic resynthesis
Hit ID Hit to Lead / Lead Optimization

High Quality

Clinical Candidates

Many series tested
through late
preclinical

Joe



Why We're Different — Our Data Advantage

TERRSY

tNova: Small Molecule Drug Discovery Platform

TERRSY

2B

Time

Scale

Unique Target/Ligand Binding Values

Over 50B individual measurements go into >2B
quantitative target-ligand interaction values in our

database, enabling us to evaluate selectivity from day 1.

Binding (Chip #1)

On-chip Precision

On/off-chip Accuracy

Off-chip Activity
[ )
[ ]
[ ]

On-chip Binding

Binding (Chip #2)

Precision & Accuracy

Each binding value is supported by 20-35 repeat
datapoints, resulting in precise measurements that are
consistent chip-to-chip, library-to-library, and month-to-
month.

These on-chip values accurately correlate with off-chip
activity enabling accelerated on-chip optimization.

Stronger Hits

Weaker Hits

Original Hits Focus Library Hits
e 3 377
« 2 250
e 1 636
® 32 5694

3 weeks

Iteration

A design-make-test-analyze cycle takes less than 3
weeks per target, enabling an active learning approach
that intelligently and smoothly explores chemical spaces
millions of

molecules at a time.



tNova Platform - Experimentation

TERRSY

tArray: The Foundation of our Experimental Footprint

Enables us to screen hundreds of millions of compounds in minutes and return quantitative data on each compound.

-
Experimentation (tArray)
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Make Map Position Screen Target Resynthesize
Nanoparticle Libraries Immobilize Beads of Beads of Interest and Test
. . . on tArray Chip N o . .
Combinatorically synthesized molecules DNA barcodes are sequenced to map Precise binding affinity is measured based Hits are tested through microscale bead-
and DNA barcodes are attached to Beads are randomly placed into 32M wells compound position, then DNA is cleaved on fluorescence intensity in less than 5 based resynthesis and high-throughput
nanoparticle beads. on a reusable chip the size of a nickel. off the beads. minutes per chip. activity testing.
| — —_—

Computation (tCompute)



tNova Platform - Workflow

Our Workflow

Targets
of Interest

Diversity Library
Screening

First, we measure the
interaction of every target with
30M+ unique molecules in our

drug-like 2-cycle diversity

Focused Library
(Active Learning)

Then we feed the resulting hit
data to ML models to iteratively
build and test 2- and 3-cycle
focused libraries of 2M+

0

Generative
Drug Design

Finally, we use our proprietary
ML models to design property-
optimized non-combinatorial
molecules.

Biological
Testing

Biochemical, Cell, ADME, etc.

libraries. molecules in just weeks.
J
FTE synthesis
Scaled-up robotic resynthesis
Microscale robotic resynthesis
Hit ID Hit to Lead / Lead Optimization

TERRSY

High Quality

Clinical Candidates

Many series tested
through late
preclinical

Joe



tNova Platform — Computation

TERRSY

tCompute: Our Computational Engine

Powered by generative Al and advanced ML models, it enables rapid, iterative design of highly optimized molecules and libraries.

Molecular data at unprecedented scale
tData

50TB of images a day = cloud processing - billions of actionable
target-ligand binding datapoints that can be queried within
seconds for understanding SAR, designing molecules and libraries,
etc.

Computation (tCompute)

Understanding the language
of molecules

COATI: Contrastive Optimization for Accelerated
Therapeutic Inference
Multi-modal contrastive pretraining for representing and

traversing chemical space (invertible molecular
representation)

Models for molecular property prediction
(affinity, activity, ADME, etc.)

tNet-LB and tNet-SB

Powerful, differentiable ligand-based and structure-based (physics-
inspired) regressors for predicting molecule properties with
uncertainty quantification

Experimentation (tArray)



— Overview of Terray Pipeline Targets

Target
enablement

)

Diversity
Libraries(>10M)

Ve

Adaptive Immune

>

Validated
Hits

Target-focused
Libraries (>2M)

)

Optimized
Serie(s)

Pathway 1

¢

TERR&Y

Adaptive Immune
Pathway 2

Internal pipeline

Adaptive Immune
pathway 3

—f cOMpleted
in progress

Innate Immune

® O O O O 9 o9

Pathway 1

N @ > w » OO 00O w >

Innate Immune
Pathway 2

|

GPCR agonist

Innate Immune
Pathway 3

E3 Ligase POC

27




Closing Thoughts T E R R o“oY

Where will Al make a difference?

Everywhere there is precise and accurate data at scale that iterates fast enough to
test hypotheses and refine models.



Today's Panel

Becca Levin

Director, Corporate Strategy
Eikon Therapeutics




Themes for my discussion today

* Introduce myself & my roles
e Share a bit how Al is used at my current & former co’s

e Highlight the impact on those in NPP roles



My background & experience

UCsk

University of California
San Francisco

BOSTON
CONSULTING
GROUP

“Education”

&J Recursion.

Lead Program & Pipeline Strategy group
focused on identifying new targets &
advancing through preclinical discovery

Key support for ~S500M IPO in 2021, during

heyday of TEDD co’s

elkon

therapeutics

Focus on corporate planning & strategy
including $S106M Series C in June

Cl support for clinical development team

III

“Commercial” support for potential Eikon
Instruments business

31



Eikon in summary

- World-Class - | . Proprietary "= |° ‘Financially - Growing
- Team . |  Technology: =% . Sound . .| ~ Pipeline
* Collectively * Exclusive, Nobel * Top-tier investors * Clinical-stage
achieved prize-winning . ~$775M raised oncology assets
>110 U.S. microscopy e N '
FDA drug ear-term
| * Unparalleled catalysts
approvais scale and de-
risked

Superior engineering | High-performance computation | Breakthrough research

Transformational Medicines

32



Activity is motion, changes to the system can be read out in
protein dynamics and that informs biology

Fast Intermediate Slow
(e.g. monomers) (e.g. complexes) (e.g. bound)
. . perturbations ' a perturbations
o 3 8 Lo
) -~ essentially static at the
q : % """ timescale of acquisition
& ) Perturbations
Chemical
Inhibitor
Agonist
. Genetic'
Proteins move to SIRNA
perform their function mutant

Frequency

We can quantify that motion
for biological insight...

These motions convey
iInformation about activity

and mechanism 0.00 : : : .
0.01 0.1 1 10 100

Diffusion coefficient nm?/s

Q eikon
therapeutics



Proprietary
Technology

Studying
protein

dynamics
makes new
biology visible

Slow NI " Fast

Diffusion Coefficien
(um?/s)




Al/ML are critical to our current SMT analysis pipeline

Quantitate SMT data Contextualize SMT data Identify biological activity
High Throughput
Screening
Hit
Identification
SAR
Optimization

Detect, Link, Track Pipeline

Particle Associate detections Dynamical +
detection + into trajectories spatial
localization ("linking™) analyses

Raw
timeseries

Time}

..]" %X

Sy | |68

.'.I
AR e °

Biological
interpretation

2
) =

] o w
@] it

o
IDy nnnnn £°©
state a

Eikon generates roughly 6PB of data a week that is processed through our
Al/ML-enabled data analysis pipeline

( | eikon
[ > thempeutics Confidential ©2023 | 35



Growing

Growing pipeline in oncology & beyond Pipeline

Oncology
TLR7/8
PARP1
PARP1 — CNS Penetrant
AR
WRN
VCP
Undisclosed
Undisclosed

AR-v7

Discovery Lead Optimization IND Enabling Phase 1 Phase 2
I

Immunology
Undisclosed

Neuroscience

Undisclosed

36



The Recursion OS today: Industrializing drug discovery to transform
BioTech into TechBio

Translation /
In-House Wet-Lab & Dry-Lab Experiments ‘0 InVivomic Prioritization &
to Generate Massive Proprietary Maps of : Digital Tolerability

Biology & Chemistry ; ‘.:
& Compound selection DMPK experiments
o® ‘Q ‘ with ML
/ \\ |
~50 human cell ~2M physical Predicted target binding
types including compounds &
whole genome ~368 compounds
CRISPR-based with target - InVivomic Efficacy
knockouts and prediction
secreted factors /
Scaled Phenomics 0
Large Language Models to Query
Global Knowledge for Program - Dﬂﬂﬂ
Ideation, Evaluation & Novelty G
RESREboY Scaled Transcriptomics Chemical property Phenomic efficacy
4

predictions
a - \

e ] I_@ B

e

Preclinical
assessment

() Recursion




@) Recursion

Mapping and navigating the complex systems of biology and chemistry has
demonstrated leading indicators of efficiency

Failing faster and earlier to » » spend less» » and go faster

25 — =
80 0 5% E a0-
: oo s 3
b ] S 20— e
75% 39% v =  3p_]
Validated Lead — E 15 — E
— m
S5 E E 20 -
Advanced Candidate — - 10 — g
85% B2% 3 : E 10 —
Development Candidate — H ] E
- = o —
Industry Recursion Industry Recursion Industry Recursion

Dt shawn is the average af all our programs since late 2017 through 2022, All industry dote edapted fram Pawl, et al. Neture Reviews Drug Discovery. (2010) 9, 203-214



) Recursion

Our pipeline reflects the scale and breadth of our approach

Therapeutic Area Indication Late Discovery Preclinical Phase 1 Phase 2 Phase 3
Rare & Other

CEREBRAL CAVERNOUS MALFORMATION

{CCM; est. 360K7)

MEUROFIBROMATOSIS TYPE 2

(NF2 est. 33K2)

FAMILIAL ADENOMATOUS POLYPOSIS
[APL; est. S0K)

CLOSTRIDIOIDES DIFFICILE INFECTION
fest. 730K)

Oncology
AXINT or APC MUTANT CANCERS
[AXINT or APC mutant cancers; est. 65K)

HR-PROFICIENT OVARIAN CANCER, RBM39

{HR-proficient ovarian cancer; est. 13K)

CAMCER IMMUNOTHERAPY, TARGET DELTA
iMultiples est. 88K7)

CANCER IMMUNOTHERAPY, TARGET ALPHA
iMultiples est, 72K7)

MYC-DRIVEN ONCOLOGY
(MY, est. S4K%)

More than a dozen additional early discovery and research programs in oncology or with our partners

All populations defined above are US and EUS incidence unless otherwise noted. EUS is defined as France, Germany, Italy, Spain and UK. {1} Prevalence for hereditary and sporadic symptomatic population. (2) Annual US and EUS incidence for all NF2-driven meningiomas. (3] Our program
has the potential to address several indications in this space. (4) Our program has the potential to address several indications driven by MYC alterations, totaling 54,000 patients in the US and EUS annually. We have not finalized a target product profile for a specific indication. 1




Personal perspective: NPP needs to evolve to receive Al insights

Al’s impact on drug development Resulting impact on NPP

* If you create a truly successful virtuous cycle, you should see a higher
volume of programs come through at faster rates. How do you structure

Increased scale & . . . L
your team, time & effort to deliver what is needed, when it is needed?

efficiency
 Most companies are generating massive quantities of

data/relationships/insights — how to quickly triage to find novelty worth
pursuing as part of pipeline? Answer: Strong “product” focus

 How do you balance risk if the corporate strategy is focused on novelty &
proving platform — how do you balance risk if a pipeline of totally new,
Novelty — targets, unvalidated targets is key to the company’s success?

disease relationships * Epidemiology/market sizing can be tricky if looking at new genetic
signatures or other new biomarker driven population

* Need to work across teams — INCLUDING Data science — to truly
understand the program and support well

Q eikon
therapeutics



So... am | using Al/ML in NPP today?

Honestly...not yet

* Experimenting with tools like Ferma.ai, ChatGPT, Bard etc but have not been impressed with their
functionality for Cl work to date

* Ferma.ai pretty helpful for AACR prep

e Standard databases (Cortellis, Pharmaprojects, Evaluate) are still better curated than the public data
ChatGPT has access to

* Would love to see NLP tools layered onto these databases

But, I’'m hear to learn!



Today's Panel

Nitin Choudhary
Commercial Executive.
Experience IMP.ai,
Symphony, Cognizant.




Patient data availability, better intfegration, ‘

and machine learning provides opportunity
for efficient decision-making during product

launches™
*Applicable to US Market

Data Maturity of Al Focus on specialty

Demo<lratization integration Technology markets
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With the patient at the heart of integrated
data, a new realm of analytics emerges
across the clinical and commercial
spectrum

HCP TARGETING

PATIENT FINDING How can we identify and prioritize the
Which patients are mis-diagnosed and Diagnosis HCPs & institutions relevant to our
appropriate for therapy? brand?
gl
=T,
. N
Prescription / l . Q Procedure

PATIENT JOURNEY
Can we better understand our patient
through longitudinal data?

MARKET ASSESSMENT
How large is our addressable market,
and who is the competition?

B "~ .0
!' 9

\
FORECASTING 2 7 D f
Diagnosti |

What are the clinical and behavioral

inputse c \ . profiles of our key customers?

Can real-world data refine our
baseline forecast or other model
| by
N -
\ n ] '
Other Available Data

REFERRAL NETWORK / KOL MAP
What connections exist between
prescribers? Who are the most
influential HCPs2

REAL-TIME MARKET ALERTS
How can we notify the field of critical
territory activity, as soon as it occurs?

ﬁ PATIENT / HCP SEGMENTATION
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This Analytics can help delivery insights
across the product lifecycle

Phase | Phase Il

Understand

Key Events Major Activiies

Deploy

Market Assessment
: Patient Journey I
Insight A&U (Consumer/HCP/ Payor) e— ]
Geneyation Segmentation (Patient/HCP) o
Life Cycle Management -
Honi Positioning [
FERAEIE T T e T
Branding Packaging Development & Refinement ]
Communicatidns oo e e o Refinement
e
Development g pevelopment & Refinement ]
o Communications Development [P
Ad & DTC -
Research Patient Compliance Program I
Market Evolution e
ici Pricing I
Pfor/ PCING. pccessshateay I
Research Segmentation I
Messaging |
» Market Evolution T
Competitive Competitive Scenario Planning (War Gamming) e _—
Intelligence Compefitive Compound Assessment [ ——
Competitive Positioning/Communications [———
) Channel Strategy and Sales Force Sizing N
Promotional Alignment and people placement [
Response IC Design [
P et Gl |
Launch Patient & Physician Triggers |
Tracking Performance Tracking I




Deep Dive - Patient FInding
leveraging Machine
Learning




@

Machine learning predictions are made
based on interaction of real-world data:
each is a piece of the puzzle

@ Define and identify @Train a machine Score entire universe of
positive patients learning model to find de-identified patient-
patients who are likely level data to identify
the highest-likely
Input Data patients
6 K)’ | Machine Learning

Model

sl Prediction
,1 sia
, ) % > It's an Apple

Partial Labels / T
’l‘ Orang 6 ?

Banana

Unlabelled Data 47



?‘

Learn and deploys Al algorithms to solve
various kinds of problems that we encounter

I Undiagnosed
/
O \ ° V Misdiagnosed
Patients

— Paftients
o-—5\ ))}‘ I v \E)vjfh
e isease
O k ¢ progression
Patients
I aft risk of
V dropping
o of
therapy

48




Once the Patient Finding Is done, it can
INform various key business questions

( N\ ( N\ ( N\
* Understand the * Find the * Find the
payer associated provider/care institution/group
with patients team that is practice or
involved in caring hospital where
for the patient the patient is
treated
Payer Physician ®  Povider

Market Sizing Sigrl;ee?](’?clgri)rn HCP Targeting

49




Clear communication, continuous
engagement and improvement is essential

TO SUCCESS Expectation setting and Communication
Machine Learning and Al are newer capabilities, and
many times the technology don't provide a robust rational

for some of the key findings. Hence it requires delicate
” messaging and expectation setfting so as not to overwhelm
. the stakeholders and at the same time build confidence
Robust Planning ———

Articulate the business objectives,

ndertaking
Continuous Improvement and
Enhancement
Drive Execution and Gather Improve the existing process to
Feedback ensure optimal results

Collect and analyze both :
short term and long-term
feedback ~ |
‘ 50



2
Many organizations are building the patient
analysis as a collaborative initiative

Solution Delivery Data Data
Consultants  Consultants Analytics Science

/

Bridge

Marketing
Works with

ommercijal l l Clients to
understand, A D?T? I DT(.]TOT.
coordinate OHQCS](;IL;E[:](SDH nvestigation
Data and Analytics i
X Y and explain P

Machine
Learning

between

and Al
experts

S1




What's the opportunity in future

®» The infegration of healthcare data presents an
opportunity for consolidation, despite its current 20

fragmentation. By *
» By infusing business context into the data, we can @ *

unlock valuable insights.

» Addressing the absence of self-service, on-demand
analytfical fools tailored to specific business requirements
can lead to solutions that fulfill crucial operational
needs.
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Post-Forum Summary Notes

®» A big manira in Al/ML s the “garbage in / garbage out” mentality. If one is
building Al tools, regardless of data origin, one needs to have mulfiple and
frequent approaches to validate that one is not spewing out garbage

» Regarding specialized datasets, the field is moving in three ways:

» Size of dataset — pick an origin of data type and map the most possible
interactions/states in it

» |ayers of data — you need multiple sources of data (phenomics, proteomics,
transcriptomics, etc.) that is all annotated in ways that can “play” with each

other (e.g., use same chemical library, use same CRISPR library) to map a set of
permutations across all types of data consistently

= New data types (e.g., Eikon’s Single Molecule Tracking)
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Additional Resources

» KPMG recently published white papers on Al applications for the
Biopharma industry. They can be accessed via the links below:

» Multiple organizations publish white papers and newsletters on arfificial
intelligence. Linkedln keyword searches are the best way to identify these
resources.
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https://advisory-marketing.us.kpmg.com/html/speed/pdfs/KPMG_AI_trends_in_biopharma.pdf
https://advisory-marketing.us.kpmg.com/html/speed/pdfs/KPMG_AI_and_Precision_Medicine_13146.pdf
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