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Introduction

This review surveys how developments in artificial intelligence and
machine learning (AI/ML) are changing the pharmaceutical sector.

We go over the basics of Al and then delve into key opportuioitidse
use of Al idrug discovery, clinical triadsd other settings.

We review in detaill areas that
landscape including:

1. Major approaches to target identification using machine learning

2. Approaches to dimensionality reduction when using Al in small ang
large molecule drug discovery. These include phsissd
approaches, celbased approaches and quantitative SAR studies.

Ways of solving the €dirty dat

Guidelines for investing in Al companies in biopharma and

3
4. What is going on with Al in clinical drug development
5
6

Big pharma efforts in AlI/ML

We wish to acknowledge fantastic help from the dozens of people who
helped to inform us and comment on this review.

Tim Opler, Managing DirectpHealthcare, Stifebflert@stifel.com

To subscribe to our regular weekly updates and reportshediegland go to page 4 for details.
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Al Basics




What is Artificial Intelligence? _

Artificial Intelligence Is
the abllity for a computer
to think, learn and
simulate human mental
processes, such as
perceiving, reasoning,
and learning.




While artificial intelligence
encompasses the idea of a
machine that can mimic
human intelligence,
machine learning does not.

Machine learning aims to
teach a machine how to
perform a specific task and
provide accurate results by
identifying patterns.
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The Current Excitement With Al Has Been Driven by Deep Learn

ARTIFICIAL
INTELLEGENCE

i MACHINE
LEARNING

DEEP
S S LEARNING

A

1950’s 1960’s 1970’s 1980’s 1990’s 2000's 2010’s

Since an early flush of optimism in the 1950s, smaller subsets of artificial intelligence - first machine learning, then 8

deep learning, a subset of machine learning - have created ever larger disruptions.

Source: Nvidia



Machine Learning Versus Data Science

Data Science

Field that determines the
processes, systems, and
tools needed to transform
data into insights to be
applied to various
industries.

Skills needed:
» Statistics
Data visualizatiom
Coding skills (Python/R)
Machine learning
SQL/NoSQL
Data wrangling

Machine learning is part
of data science. Its
algorithms train on data
delivered by data science
to "learn."

Skills needed:

e Math, statistics, and
probability
Comfortable working
with data
Programming skills

Machine
Learning

Field of artificial
intelligence (Al) that gives
machines the human-like
capability to learn and
adapt through statistical
models and algorithms.

Skills needed:

e Programming skills
(Python, SQL, Java)
Statistics and
probability
Prototyping
Data modeling

Data science is the process of developing
systems that gather and analyze disparate
information to uncover solutions to various
business challenges and solve reaiworld
problems. Machine learning is used in data
science to help discover patterns and automate
the process of data analysis. Data science
contributes to the growth of both Al and machine
learning. This article will help you better
understand the differences between Al, machine
learning, and data science as they relate to
careers, skills, education, and more.

|l tds I mportant to consi
machine learning and Al intersect.

Fundamentally, machines can't hope to mimic
humans' cognitive processes without information
--and Data scientists are tasked with "feeding"
machines accurate, empirical data and statistical
models that enable machines to learn
autonomously. By constantly improving machine
learning, society comes closer to realizing true
artificial intelligence (Al).

Sources: https://www.coursera.org/articles/data -science-vs-machine-learning, https://csweb.rice.edu/academics/graduate -programs/online-mds/blog/data -science-vs-ai-and-ml 9
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How LLMds and

Molly Ruby, Toward Data ScienceJanuary 2023

ChatGPT is an extrapolation of a class of machine learning Natural Language Processir
models known as Large Language Model (LLMs). LLMs digest huge quantities of text d:
infer relationships between words within the text. These models have grown over the las

Chat GPT Wor

Next-token-prediction

The model is given a
sequence of words with
the goal of predicting
the next word.

Masked-language-
modeling

The model is given a
sequence of words with
the goal of predicting a
‘masked’ word in the

years as wedve seen advancements in com middle
the size of their input datasets and parameter space increase. Bample. e ekl reacing

Hannah is a sister Jacab fears reading
The most basic training of language models invalvedicting a word in a sequence of o e er o e e,
words. Most commonly, this is observed as either #el¢nprediction and masked Hannah s a comedian acob hates reading
languagemodeling. N AN J

Al I GPT models | argely follow the Transfor mer Ar c lwhichbave ur
an encoder to process the input sequence and a decoder to generate the output sequence. Both the encoder and decoder in the
original Transformer have a milead selattention mechanism that allows the modeliiferentially weight parts of the

sequence to infer meaning and context* As an evolution to original Transformer, GPT models leverage a dealydeansformer

with masked seléttention heads. The decodenly framework was used because the main goal of GPT is to generate coherent and
contextually relevant text. Autoregressive decoding, which is handled by the decoder, allows the model to maintainadtontext an
generate sequences one token at a time.

* The explanation for these technical terms can be fouhétas:/towardsdatascience.com/transformeegplainedvisuallypart-3-multi-headattentiondeepdive-1¢c1ff1024853

Source: https://towardsdatascience.com/how_-chatgpt-works-the-models-behind-the-bot-1ce5fca96286 10
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Supervised Versus Unsupervised Learning

Supervisor Supervised learning
works from labelled
data.

Labelling data makes it

Training data set Desired Output
Supervised ? o T [ outeur | immensely easier for
Learning — | % o & —— the computer to
Lﬂ, -y y — ﬂ identify relationships
R ﬁ, - between inputs and
. > \Xo outputs.
T > P cow
o e Y pr— Modern LLMd
— [“-‘" ™ ] mix of labelling with
- non-supervised
e T learning. But, LLMs
Unsupervised n n [ Interpretation Algorithm Processing . ﬂ have a maSS|V-e |
Learning — @ ‘ @ advantage Whlch IS that
,ﬂ’ ﬁr — = P > ﬁf they are working from
oz N o ., W word sequences in
— ’ ) " NoTreining ata Set ’ natural language.

Sourcehttps://www.geeksforgeeks.org/supervisedsupervisedearning/
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Todayds LLMds Use What ds

John Schulman, Filip Wolski, PrafulleDhariwal, Alec Radford, Olegklimov,
Proximal Policy Optimization Algorithms, arXiv, Aug 28, 2017 (abstract)

CWe propose a new family of policy g
Collect domonstration data oo o Optinize  polcy sgainatthe which alternate between sampling data through interaction with the environment
re——— nm——" ircamenisamng o and optimizing a "surrogate" objective function using stochastic gradient ascent.
e DN | sy N | Aeseas o Whereas standard policy gradient methods perform one gradient update per data
T RS e sample, we propose a novel objective function that enables multiple epochs of
e (@ ° o omummme 2B minibatch updates. The new methods, which we call proximal policy optimization
e mam | N— (PPO), have some of the benefits of trust region policy optimization (TRPO), but
Lo EEmm @ e they are much simpler to implement, more general, and have better sample

% ~ T complexity (empirically). Our experiments test PPO on a collection of benchmark
s BB s S tasks, including simulated robotic locomotion and Atari game playing, and we

TR 0000 Gimwe show that PPO outperforms other online policy gradient methods, and overall

strikes a favorable balance between sample complexity, simplicity, and wathe . ¢

What ds I mportant her eOpenAllmakeraftChatGP™ haveudesigrnedagmervised c h  a s
reinforcement learning methods that are highly efficient in building and guiding transformers. Further, the prevalent
PPO approach has the advantage of being able to learn from human labelling anopi@patis aggressive in using
human I nput to iIimprove iIts LLMds (supervised | earni

Sourceshttps://arxiv.org/abs/1707.0634 https://openai.com/research/opendbaselinesppo, https://kili-technology.com/datdabeling/howto-boostyourdatalabelingwith-gpt-and-largelanguagemodels
https://www.linkedin.com/pulse/openaipioneeringcontributionsreinforcememtearningsubhajitnaha 12
* Seehttps://www.forbes.com/sites/aparnadhinakaran/2023/03/27 /tequestionswith-openaton-reinforcemertearningwith-humanfeedback
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A Foundation Model is a form of generative artificial intelligence.
It generates output from one or more inputs (prompts) in the
form of human language instructions. Models are based on
complex neural networks including transformers and variational
encoders.

Although each type of network functions differently, the . ’,
principles behind how they work are similar. In general, an FM /i
uses learned patterns and relationships to predict the next ite “;/’* \
in a sequence. For example, with image generation, the mode
analyzes the image and creates a sharper, more clearly defin 2
S

version of the image. Similarly, with text, the model predicts 4-

context. It then selects the next word using probability
distribution techniques.

Foundation models use sa@ipervised learning to create labels
from input data. This means no one has instructed or trained the
model with labeled training data sets.

NIPS://aws.am

14
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On Foundati on

Being a foundational model does not
make a model a generative Al model, it
just so happens that the most welt
known ones (Chat GPT & its
competitors) are.

A generative foundational model trained
on say protein data structures could
then generate realistic protein
structures from short prompt
descriptions of what they should do.

A foundational model is so named
because it is large enough to span the
knowledge and meaning in a dataset. A
good deep learning model contains
enough nodes and parameters to have
learnt basic (foundational) rules about

the subject matter in question.

This for instance could allow a neural
foundational model to understand and
detect the many understood facets of
brain and neural activity, from disease 8§
to wellbeing and then easily diagnose a &
wide range of conditions or provide
biomarkers in clinical trials.

Model s

This allows generative foundational
models to consistently produce realistic
text, images or proteins from short
prompts because they understand and
obey the foundational rules.

The excitement about foundational
models in biology arises from the notion

e that they can learn basic rules of biology |
and easily be applied to new patients or §g

diseases that the model knows.




Big Potential of Al to Transform Biology

Jensen Huang, CEQO, Nvidia, Talk at Stanford University, March 2024

We saw that if we could reduce the marginal cost of computing down to approximately
zero then we might use it to do something insanely amazing: Large language models.

To literally extract all digital human knowledge from the internet and put it into the
computer and let it go figure out what the knowledge i that idea of scraping the
entire internet and put it into one computer and then the computer figure out what the
program isH is an insane concept.

tcWe have figured out how t o umeenngohadmost o1
all digital knowledge. Which means, anything we can digitize, we can understand its
meaning. As an example, gene sequencing is digitizing genes. Now with large
language models we can go learn theneaningof that gene.* We can also do that with
amino acids and proteins without a large investment in things like CryeEM. And, now
we can understand the meaning of a cell.

From a computerds perspective this 1Is 1
We are all on the cusp of this. Alt is
technology age. This will likely be the single greatest invention of the ZLCentury.

* Seehttps://www.fiercebiotech.com/medtech/nvidia_-unveils-generative-ai-programs-drug-molecule-design-protein - predictions Sourcehttps://www.youtube.com/watch?v=cEg8cOx7UZk 16
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How Al Can Augment the Biopharma Industry

Al's role in drug discovery marks a pivotal shift towards more efficient, faster, and ~|iical Trials: Al algorithms can optimize the design of clinical trials
potentially less expensive development processes for new medications. Here's a including patient selection and monitoring. By analyzing data from electronic

breakdown of how Al is revolutionizing this field: health records, genetic information, and other sources, Al can identify the

— _ _ _ _ most suitable candidates for trials and predict patient responses to a drug.
Target |dentification: Al algorithms can sift through vast datasets of biological This targeted approach can improve the efficiency of trials and the likelihooc
information to identify potential targets for new drugs. These targets are usually e T e e e

proteins or genes associated with a disease. By understanding the structure and
function of these targets, researchers can design drugs that specifically interact wit), .« ;. a1ized Medicine Al is paving the way for personalized medicine

them. where treatments are tailored to the individual patient based on their genetic
_ o o . ) . makeup, lifestyle, and other factors. By analyzing large datasets, Al can hel

Drug Design and Optimizationn Once a target is identified, Al can help in the des'gr?dentifying which patients are likely to benefit from specific treatments,

of new drug molecules. Using techniques like deep learning, Al systems can prediﬁereby improving efficacy and reducing side effects

how different chemical structures will interact with the target, allowing for the rapid

generation and optimization of potential drug candidates. This process can Realworld Evidence Al can analyze realorld data from various sources,

significantly reduce the time and cost compared to traditional methods. including wearables, electronic health records, and social media, to monitor

: L _ . _ _ drug safety and efficacy in the broader population. This analysis can provide
Synthesis Prediction: Al can also predict the most efficient chemical synthesis insights that are not always evident in clinical trials.

routes for new drug compounds. This capability is crucial for producing drugs at scale

and can help in identifying more environmentally friendly andefésttive In summary, Al is a powerful tool in drug discovery and development, offerir
synthesis pathways. the potential to make the process faster, more efficient, and tailored to

_ L _ _ , individual needs. Its impact is expected to grow as the technology advances
Screening and Predictive Toxicology Highthroughput screening of large leading to the discovery of new therapies and treatment approaches.
compound libraries is an essential step in drug discovery. Al enhances this process

by predicting the biological activity of compounds and their potential toxicity before
they are synthesized and tested in the lab. This predictive power can lead to safer
drug candidates and reduce the reliance on animal testing.

Source: Stifel research



Sequoia Partner on Al: ‘This Time It’s Not
Vaporware’

Bloomberg

By Edward Ludlow and Caroline Hyde

February 16, 2023 at 4:29 PM EST

The artificial intelligence industry is experiencing a “Cambrian
explosion” of applications, said Sequoia Capital Partner Sonya
Huang.

Source https://www.bloomberg.com/news/articles/20232-16/sequoiapartneron-ai-this-time-it-s-not-vaporware 18



https://www.bloomberg.com/news/articles/2023-02-16/sequoia-partner-on-ai-this-time-it-s-not-vaporware

Sundar Pichai, CEO, Google

What Al Could Mean for Society

JosephDeAvila, Wall Street Journa] April 10, 2024 (excerpt)

Google Chief Executive Sundar Pichai has said Al coaldreeprofound than
the invention of fire or electricity .

Vinod Khosla, founder of ventwrapital firm Khosla Ventures, declared last yea
that within 10 years, Al wil/ t ake

Musk, who is chief executive of Tesla and also runs his own Al compamy, said
was the fastest-advancing technologyh eds ever seen. He predi
probably surpass the collective intelligence of humans in five years.

CMy guess i SAlthahisastnarter éhgnlahy ormeawwmen probably
around the end of nextyeay dz Musk said i n an i1nt
TangenCEO dlorgesBank | nvest ment Managemen
sovereign fund and one of the largest investors in Tesla. The interview was
broadcast omeddplatiordn. soci al

Source https://www.wsj.com/tech/ai/eloamuskandjamie-dimonsai-predictionsandwhatthey-meanfor-the-future-of-
humanityd100b0c8
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What ds Next? Better GPTds

Sagib Shah, The Standard Mar 26, 2024 (excerpt)

OpenAl is reportedly gearing up to release a more powerful version of ChatGPT in the coming months.

The new Al model, known as &GR1E slated to arrive as soon as this summer, according to two sources in the know.
Ahead of its launch, some businesses have reportedly tried out a demo of the tool, allowing them to test out its

upgraded abilities.

The tech forms part of OpenAlds futuristic quest for
humans.

In the case of G, the Al chatbot can provide humiike responses, and even recognize and generate images and
speech. Its successor, GBwill reportedly offer better personalization, make fewer mistakes and handle more types of
content, eventually including video.

Others such as Google and Meta have released their own GPTs with their own names, all of which are known collective
as large language models.

Sourcehttps://www.standard.co.uk/news/tech/chatgiireleasedate-detailsopenaichatbotbh1130369.html 20
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Learning Models for LLMdSs

This paper from Chelsea Finnds | ab at Stanford pr oy
large language models (LLM) to human preferences without using reinforcement learning from human

feedback. This significantly simplifying the training processima ki ng LLMds f ar mor e us
in areas like biology.

RafaelRafailov, Archit Sharma, Eric Mitchell, StefanoErmon Christopher D. Manning, Chelsea Finn,
CDirect Preference Optimization: Your arXivaDegl3 2028 M

While largescale unsupervised language models (LMs) learn broad world knowledge and some
reasoning skills, achieving precise control of their behavior is difficult due to the completely
unsupervised nature of their training. Existing methods for gaining such steerability collect human
labels of the relative quality of model generations andtfime the unsupervised LM to align with these
preferences, often with reinforcement learning from human feedback (RLHF). However, RLHF is a
complex and often unstable procedure, first fitting a reward model that reflects the human preference
and then finetuning the large unsupervised LM using reinforcement learning to maximize this
estimated reward without drifting too far from the original model. In this paper we introduce a new
parameterization of the reward model in RLHF that enables extraction of the corresponding optimal
policy in closed form, allowing us to solve the standard RLHF problem with only a simple classificatic
loss. The resulting algorithm, which we call Direct Preference Optimization (DPO), is stable, perform.
and computationally lightweight, eliminating the need for sampling from the LM durhtgriing or
performing significant hyperparameter tuning. Our experiments show that DPO ¢andih#!s to

align with human preferences as well as or better than existing methods. Notakiynitngewith DPO
exceeds PP®Oased RLHF in ability to control sentiment of generations, and matches or improves
response quality in summarization and singlen dialogue while being substantially simpler to

implement and train. Chelsea Finn
Assistant Professor, Computer Science and EE
Sourceshttps:/arxiv.org/abs/2305.1829https://ai.stanford.edu/~cbfinn/ Stanford University

21
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What ds Next ? Qua

Jordan Scott,HealthTechMagazine, Sep 27, 2023 (excerpt)

Quantum computing harnesses the laws of quantum mechanics to solve complex problems th:
candt be solved by traditional computer s,
Quantum technology can consider numerous variables that interact with each other in complic
ways. In healthcare this offers the potential to advance precision medicine, drug discovery ang : . _mEEms
diagnoses through complex analyses. e 0TI T

Earlier this year, Cleveland Clinic and | H
heal thcare research onsite at Cleveland ClI
accelerate biomedical discovery.

CQuantum computing iIis a unique way of doi
principles on t hJlhjahief hegearch,inttrmatianyofficeat ClevelaadrChnic &
executive | ead of the organizationds part
guantum computers as similar to advancing
purpose, but the foundation is completely
Traditional computing is based on deter mi

translate to specific outputs. Quantum computing is based on probabilistic computing.
P P Q P J P P g Recently a Googledesigned quantum processor called

. . ) Sycamore completed a task in 200 seconds that, by
SEach unit o f computation, or qubi t, has @ Google's estimate, would take 10,000 years on the
Jehi €So, it can store a | ot more infor mati EENIEEESERIo oo Ml alo e BRI
computation much faster because it can do it in parallel rather than sequentially. They are sold massive mainframes, predicts the performance of its
fundamentally different. dz guantum computers will grow by a factor of 10 every year
for each of the next five years- meaning they'd be
100,000 times faster in 2028.

Sourcehttps://healthtechmagazine.net/hovg-quantumcomputingbeingusedin-healthcareperfcon 29
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Additional Resources to Learn More About Al and Pharmnr

Al Basics Articles on Al in Pharma
DataCamp Al for Beginners Bain: How to Scale Generative Al in Pharma
Go o g Al¢/ifen Course BCGThree Steps to Value with Al
Matt Turck The AI/ML Landscape BloomberggWo r | dds Phar ma Giants Bet on Al
MIT: Al Basics Economist: Al is Taking Over Drug Development
Nvidia: Jensen Huang on Al Endpoints: Al Drugs Fall Short in the Clinic
SimpliLearn: Al Bootcamp Inc.: 1910 Genetics Story
WSJAI Predictions and Future of Humanity McKinsey:Generative Al in the pharmaceutical industry
MIT Technology ReviewA|l i s Dreaming up Drugs Wed

NEJM Alhttps://ai.nejm.org/
. New Biotech:Al for Life
Al in Pharma Blogs and News PharmaVoice |s Al Hype or a Real Revolution in Pharma?
Politico: Al is About to Remake the Pharma Industry
Rand Corp:Using Quantum Computers in the Life Sciences

Andreesen Horowitz:Bio + Health Themes

Bench_Sct httgs:lllbl'?]g.betnchsci.com/tag/atl)r_tificial -intelligence-in-drug-discovery Scilife Al in the Pharmaceutical Indusiry
Decod!ng =g Bhog. ttlhs.//www.decodln |ﬁ.com| . SoltDB: Will Supercomputers drive pharma breakthroughs?
Endpoints Al Channelhttps://endpts.com/channel/ai/ RV e e e s G s Ao U maLA

EricTopol on Al and health:https://erictopol.substack.com/
GSK on Alhttps://gsk.ai

Jacob OppenheinBlog: https://medium.com/@jnoppenheim Al Com pany Trackers

Kinomoto mag: https://medium.com/kinomoto -mag

Nature Machine Intelligence:https://www.nature.com/natmachintell/ Al Industry Analytics:Guide to Al companies in drug discovery
Pat Walters Blog:ttp://practicalcheminformatics.blogspot.com Matt T u r c202fi 1AD (ML, Al & Data) Landscape

Stat News on Alhttps://www.statnews.com/topic/artificial _-intelligence/
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https://www.bain.com/insights/how-to-successfully-scale-generative-ai-in-pharma/
https://www.bcg.com/publications/2024/benefits-of-generative-ai-in-pharma
https://www.bloomberg.com/news/newsletters/2023-05-15/world-s-pharma-giants-bet-on-ai-to-develop-drugs-faster
https://www.economist.com/technology-quarterly/2024/03/27/artificial-intelligence-is-taking-over-drug-development
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Expert Perspectives on Al in Pharma




Findings from Expert Interviews

As part of this review of the Al field, we spoke to eighteen experts on Al and its application in pharma. These inclydeglsaueAl biotechs,
three investors, three technologists, a few service providers and six big pharma representatives. Several interviewedseagreteti by name
and are cited but most preferred to stay anonymous. There are dozens of use cases in pharma from the application Wk Trbesdrug
discovery to technical writing. We focused our conversations almost entirely on the drug discovery and development use cases.

Key conclusions emerging from expert interviews included:

We Need Better Data
Annotation in Biology

Target ID May Be Morc¢
Important than Drug
Discovery

(U

Early Results from Al it
Drug Discovery Have
Been Disappointing

Cell Perturbation

Deal

Technologies are the Re

5

Al is Likely More Valuahle
to Biologics Discovery
Than Small Molecule

Discovery

6

Multimodal
CDevel
Approaches Highly
Promising for Drug
Discovery

op ment

Heavy Investment is
Required in Clinical
Development Al/ML

N
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Findings from Expert Interviews

Point 1: We Need Better Data Annotation in Biology Point 2: Target ID May Be More Important than Drug Discovery

If there was one area where all parties agreed, it was on the need for With the explosion in biological data, one large opportunity for Al in drug
better data. Machine learning is great at taking structured datasets andiscovery involves finding new targets linked to disease. There are quite a
discerning any embedded patterns in the data that a human might  few groups working on finding new targets. And some companies have had
miss. There was a sense that both drug discovery applications and drggod results such assilicoMedicine of Hong Kong. But, broadly speaking,
development applications are not progressing as fast as one might  efforts to find new targets have not wowed investors and other observers so
hope due to the lack of well annotated data. far.

One astute observer noted that human language is so structured that We heard widespread belief that while Al can be helpful in drug discovery,
the use of ChatGPT as a natural language processor of words and  our industry is already pretty good in this area. In contrast, multiple
paragraphs found in text sources on the internet works well. Those whaterviewees felt that we humans could do a lot better at target discovery
use Chat GPT are wuniversally amaanetdathaghinéleamingtbols ovalchpipvettchbe highlg valpable.e r ¢ a

be. But this is very much linked to the structure of language itself. _ _ _
One large pharma executive explained that their company has gotten many

In contrast, biological datasets do not necessarily come with the sameof their small molecule groups up and running with stdténe-art cell

natural structure and built in annotation. There are numerouscool model s (Sperturbation models at sc
companies emerging with an Al focus and an interest in drug discovergased on gene edits combined with analysis of organoids. They are

and development. Many of them are focused on digitizing aspects of positioned obtain deep biological insights from this data. This same pharma
biology including cell morphology, protein binding and the like. But  has been reanalyzing past clinical trials with deetiomicsanalysis, full

these efforts are still in early days. molecular analysis of respondersmenrespondera nd i s doi ng
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Expert Views (continued)

| abdz and Cwet | abd iterative
emerging from cell models.

This executive says that Al in drug discovery is helpful but that
target ID could completely change their R&D productivity.

woO@rhke oinntbée oV iogwe®fsaind .er &©We dgederated 3 &

Ultimately, if you are the first to find an interesting target and keep
the finding confidential while developing drugs against the target, it
can provide a major leg up in an otherwise competitive industry.

Point 3: Early Results from Al in Drug Discovery Have Been
Disappointing

What rapidly becomes apparent is that billions of dollars have been

spent on Al in pharma, but all parties feel that field remains quite

nascent.

Several interviewees remarked that there is not a long list of drugs

that have been approved due
that there is a better pipeline emerging froriotlused drug
development companies.

t o

drugs. Was this supposed to happen? Obviously, it remains early days and
this could change in the years to

Several parties felt théhe productivity of R&D is going to improve because
of machine learning and Al techniques in time. At the same time, thus far,
the technology is, at best, incremental. One point we heard made is that a
large pharma may benefit more from Al than a biotech.

The point was that i1 f you could iIn
small percent (say 10%) and speed up its time to market by 10% that would
be a huge win given how large big pharma pipelines are.

This person said that Al in small molecule drug discovery turned out not to
be the GCamazing opportunity we al/l
solve all of these undruggable tar
The reason was €¢far worse combinat
ANt diepsiog meingor dergsi mMmomostvemarcygetas
ten properties you are optimizing for in a small molecule being designed
against a known target. One can do a much better job with computation and
machine learning solving this optimization problem than humans. This is a

big deal for us. dz 27



Expert Views (continued)

Point 4: Cell Perturbation Technologies are the Real Deal The party noted that that Al is enabling a whole new toolset to be added in
_ _ _ _ between traditional in vitro drug testing and in vivo animal pharmacology

Interviewees shared widespread excitement about cell perturbation . L : : _

_ _ _ _ studies. Because it is increasingly possible to structure data resulting from
approaches for target discovery. Nobel Prize winner Jim Rothman has . : o L

_ _ _ cell experiments, machine learning is a natural in this area.

long said that we can learn a great deal about biology by studying what
happens in live cells. His vision is becoming more and more of a realitioint 5: Al is Likely More Relevant to Biologics Discovery Than Small
every day with the advent of powerful computing and advanced Molecule Discovery

machine learning techniques. _ _ _ _ _ _ _
We picked up universal excitement regarding new emerging Al biologics

Companies like Recursion can study cells in detail and changeone compani es from VCds and phar ma pl a
thing at a time about those cells and observe what happens. The effort | N hNaFol d . o .
to learn from the data gathered from cells is going to take time but Googleds phakro was a ' 9 rea

appears to be quite exciting. Eikon Therapeutics has drawn particularl9 0s st 'It')hl € ht ? solwv i f Of rl o ahn y. prote Idn
high interest because it can label proteins and track what happens to sequence. This technology was not that usetul but has since progresse

them after a cell sees a drug added. Over time, it will be possible to ta@asswely. New C(?mpanles that are generating high excitement '”C'Pde_
. : : harm Therapeutics (can solve for small molecule structures that will bind to
and track more and more analytes within a cell which will expand the

power of this approach. One party noted that Vevo is exciting as it a protein based on tecAkiuowhichisable Dav

: : , to generate large molecules on certain extracellular targets wintbs
gathers masses of structured data from many live cells which gives a N _ _ _
: : : : : have not traditionally workedbSciand BigHatwere also often mentioned
much wider aperture with which to apply machine learning to data

generated from an intervention. favorably.
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Expert Views (continued)

One large pharma observer explained the importance of ML models in biologicsA number of experts we spoke to indicated that while most Al
di scovery. They indicated that 1t ds compasigsfotlow thigleabasedneveloprentlapprdach, someal e
di splay the ol d way. But it dSYdwuarwa rate algt better than otleess.| Theyquatityood the tamla used lindhd y
one that binds well, that has low viscosity soitcasbeQ t hat d o e s fodptare aridcal,dhe bbjective functions used in the ML

be in a deep freezer all t he ti me, ipgtiraization mattdn & lat and the cakb_sottware s driticalh e | |
easier to get to this by using the computer than by designing everything the old
way . oz Views we heard expressed were that the use of-moitial data

in objective functions mattered greatly and that distinguishing
Point 6: Mul ti modal CDevel opment 1 n a L toolswere theouse obDMNhcoded libridries) imdssive Pr o mi s |
for Drug Discovery parallelization in measuring target engagement, automated
A typical approach to Al in drug development involves a process that begins witlsyathesis of drug in nanoliter quantities, robotics to transport
target, then generates drug leads against the target, tests the drug leads againstamples from the synthesizer to the equipment to measure
the target, gathers data from all the testing then using machine learning to infer binding and the like.
which drug characteristics matter. This then loops back with synthesis of new drug
candi dates based on whatds been | e a Thee & notcbrisensus gi all aboe ghgkiaspdversusi t er a't
comes up with somet hi-ingl a € adah-okr gy o dd rgsantidtyeaIAR gpprdabhessntsmall molecule design. Time will
against the target. tell which drug discovery methods yield the best results.
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Expert Views (continued)

Point 7: Heavy Investment is Required in ML in Clinical Development General Catalyst has just invested, for example, in Paradigm with

|l ntervi ewees were widely concer neArchtPaadigmAets up chinical trials@s atcars optiovtieereyy i s n o
do a lot of good unless we can speed up clinical developrB&gtHansen embedding study enroliment in physician workflows as opposed to

of Kimia, for example, said: requiring busy medical centers to separately hunt for patients.

C1f we candt speed up clinical C§@RErAYsRps Also inestgd in Fajo Heglthwhighsugegiggh ¢

accelerating drug discovery could be diminished. Unfortunately, little World evidence to allowharmasto understand how each part of a

has changed with clinical dev el prieeq willspgedup orglgw dgvn ergoligept ofF QY. t 0 d a

expensive, slow clinical trial process?az
Vi b oweW i§ that AI/ML will ultimately be quite helpful in
speeding up todayds highly ineff
indicated that the most interesting applications of Al in clinical trials
are (1) enrolling patients faster by improving the process of finding
patients, (2) designing the right studies to enroll patients faster and

g &)tuging %Iiggﬁogti% an8 rpatieﬁt se'legti(l)ncst?ategies t% \ﬁa(\a/e sﬁoﬁerp ©
trials with smaller patient counts due to larger treatment effects.

Several technologists we spoke to were particularly concerned about the
clinical development process as the main bottleneck slowing down the
pharmaceutical industry.

The view is that the real money
getting slower and less efficient all the time, particularly in disease areas
where there is a lot of clinical trial activity.

N

_ L . This will all time to materialize but there is obviously cause for

Elena Viboch of General Catalyst was more optimistic about the potential of . . : : : -

_ _ 7 _ optimism that Al/ML is going to improve the clinical stage of
using AI/ML to improve the clinical trial process.

developing drugs.
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How Al Will Impact the Pharma Industry




] Many pharmaceutical industry executives believe
AI and Phal’ma An Essay that Al advancements will profoundly change the

_ industry.
I n a January 2024 meeting of ph

that Al has profound potential to change the pharmaceutical sector.

While virtually every company at the meeting was taking steps to
understand the relevance of Al, there was also a tangible sense from
many CEOs that it was i mportant  to
technol ogy. Most pharma exeftutives

Without doubt, ever more powerful computation combined with machine
learning software can fundamentally change many aspects of the
pharmaceutical industry and the broader healthcare sector.

There are countless articles on Al in drug discovery and numerous rep@
put out by consulting firms on the topic. Most consulting reports seem
designed to create anxiety by arguing that pharmaceutical companies ;
obsolescence if they dondt inco / [ > | me
their processes. WL L 54

Some large pharma have made greater investments in the Al/ML area
carrying out this review, we were very struck by the substantial organig
investments in AlI/ML made by AZ, Bayer, GSK and Roche. These
companies are heavily focused on improving R&D productivity throug
investments in data infrastructure, tools to simplify the use of generati
Al for their scientists, drug discovery collaborations using Al/ML and

lIndegenehas done good work on this. See, for exantgtes://endpts.com/pharmacompaniesarent
futurereadyas-pressuremountsfromai-advancesand-ira-legislationsurveyfinds/. Also see Paul Hudson of
Sanof i ds ar thitgs:l/vevw.statnewsltamg2028/@ 08/ actificiaintelligencepharmaceutical
industrypaukhudsonsanofi/



https://endpts.com/pharma-companies-arent-future-ready-as-pressure-mounts-from-ai-advances-and-ira-legislation-survey-finds/
https://endpts.com/pharma-companies-arent-future-ready-as-pressure-mounts-from-ai-advances-and-ira-legislation-survey-finds/
https://www.statnews.com/2023/09/08/artificial-intelligence-pharmaceutical-industry-paul-hudson-sanofi/
https://www.statnews.com/2023/09/08/artificial-intelligence-pharmaceutical-industry-paul-hudson-sanofi/

Tangible Progress by Pharma in Al/

and people. A LinkedIn search revealed, for example, that GSK has over 230 emplq
with the phrase GCartificial I ntellige
website (sk.a) is fascinating and provides a window into their efforts to streamline
target identification and drug discovery with machine learning.

We most enj oyed guebinarigeldtate lashyear bn h&w ¢ h e d s
digitalization is changing theivorld The work at Genentech on informatics in drug

discovery is impressive and gives one a tangible sense of the power of machine lea
to accelerate drug discovery. Roche is making a meaningful investment in attacking
hard problems in biology with new technologies. Their webinar highlights deep

strengths across the organization in
ThomasSchineckerhails from the diagnostics world and comes to the job with a dee
understanding of informatics. Il tds be

for the role, despite lacking a pharma background.

Another recent interesti nvprchdinvestorewesti on
Moderna was much more focused on Al as a clinical development tool rather than a
aid to enterprisavide productivity.

Overall, our data show a dramatic and highly tangible scale up of investment by bot
big pharma, venture capitalists and many scientists from academia and biotechs in i
use of machine learning to improve pharma processes over the last 60 months. The
nascent transformation of the biopharma industry to being one that is mastering Al/
is very clear after going through this review. As you might imagine, there is a lot of
enthusiasm for Al in healthcare. Technologists imagine that a pharma switch from
Canal og t gielddar lgetter iasighdts amdihigher R&D productivity.
(continued)


gsk.ai
https://assets.roche.com/f/176343/x/e60b81765d/20231129_digi-day.pdf
https://s29.q4cdn.com/435878511/files/doc_events/2024/Mar/27/vaccines-day-2024_final_for-pdf_040224.pdf

Jensen Huang

Silicon Valley Thinking Arriving CEO, Nvidia

To quote Jensen Huang, CEO of Nvidia,

"Biology has the opportunity to be engineering not science. When something
becomes engineering not science it becomes...exponentially improving, it ca
compound on the benefits of previo

You get the idea. Once we digitize all this messy biological data the computer is go
figure how the biology works in order to arrive at better medicines more quickly. Th
are countless entrants into biotech investment from the tech world who use beguili
phrases | i ketechbiaz,| | € sd mgkt dti ioan al¢ bi ol
implying that we are the dawn of an explosion in innovation that will be led by Silicq
Valley types.The trajectory of change is forecast to wow us in the years ahead.

No doubt there is some truth in all of this and, perhaps, some hype has crept in as

The field of Al in drug discovery has its share of skeptics, some of whom are recou
this review.

If Al is supposed to make drug discovery quicker, better and cheaper then where are al S

the approved drugs? i P
pp g E%f%

We count, for example, 24-&lented biotechs that have been around for ten years o A :

longer and 34 that have been around for eight years or longer. The 34 companies 8§

raised $12 billion. These companies have managed to produce some solid gipeline  STTEREE

(continued)

! pooopOoOoODBDD
2 See, for exampléitps://www.synthego.com/blog/fultackgenomeengineeringand https://al6z.com/podcast/grandhallengesin-healthcareai-with-vijay-pandeanculie-yoo
very nice survey last month in theonomistttps://www.economist.com/technologyuarterly/2024/03/27/artificiafintelligenceis-taking-overdrug-development
3 See a helpful review attps://www.biopharmatrend.com/adrug-discoverypipeline/
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https://www.synthego.com/blog/full-stack-genome-engineering
https://a16z.com/podcast/grand-challenges-in-healthcare-ai-with-vijay-pande-and-julie-yoo/
https://www.economist.com/technology-quarterly/2024/03/27/artificial-intelligence-is-taking-over-drug-development
https://www.biopharmatrend.com/ai-drug-discovery-pipeline/

If Al is so amazing, then where are all those approved new

Listening to the Skeptics crugs fromit?

According to Deloitte it costs $2.3 billion to make a drug théashioned way.So,
with twelve billion raised, we should be seeing something like five new drugs
approved if Al was not more efficient than the old way. But it was supposed to
lot better. Thus, the real number should be ten or, even, twenty.

By this point, there should have been enough time to figure out if Al could resu
improved R&D productivity and drug approvals, although truly generative Al in
discovery is more recent and too early to evaluate. By our count, there afiganl|
drugs that have been approved that used Al/ML in their development. These a
TIBSOVO (credit to Schrédinger) and IDHIFA (credit to Schrdditaygr)of these
drugs is aour de forcef chemistry but none has gone on to anything near
blockbuster status (at least yet). Thus, while there are some success stories t
skeptics would say that the yield from Al has been disappointing overall. Furthe
despite the emerging pipeline there have also been multiple clinical failures wit
generated compoundsSWas this supposed to happen? We note the studied
indifference of sompharmas think Regeneron, towards Al. We sat on a panel t
January with a Regeneron representa
something that will change their R&D productivity in an important way. Regene
has already assembled a muitiodal, weHannotated 2 million+ exome database
that they are mining every day for insights to use in developing novel drugs.
(continued)

4 Seehttps://www.genengnews.com/geedge/the-unbearablecostof-drug-developmendeloitte-reportshows15jump-in-rd-to-2-3-billion/
5Critics could argue that this is not fair. We haveisdtowndaed
counter that there is very little Phase 3 pipeline to look at and that getting the ultimate approvals of the pipelisteew#ihonorenoney.
Recursion, for exampl@recasta hundred drug candidates in the clinic with a decade. In reality they got four candidates there after a decad
Another ROI metric is money in/money out analysis. There have not been major M&A deals (yet) in Al. But we calcutatalihatmis$l.1
billion into Al companies via partnership upfront s.an@shfioat. pal e
SModernads ML pl atcélevatimits Goxmicl9 vaceihemdveldpmentpbut Moderna does not claim it as an Al victory. Similarly,
precursor to Kimiads ML platfd®bmtwags desedtt el cdasi gmaAmadeérddfd &
7 Seehttps://endpts.com/firstai-designeddrugsfall-shortin-the-clinic-followingyearsof-hype/.



https://www.genengnews.com/gen-edge/the-unbearable-cost-of-drug-development-deloitte-report-shows-15-jump-in-rd-to-2-3-billion/
https://endpts.com/first-ai-designed-drugs-fall-short-in-the-clinic-following-years-of-hype/
https://sloanreview.mit.edu/audio/ai-and-the-covid-19-vaccine-modernas-dave-johnson/
https://endpts.com/first-ai-designed-drugs-fall-short-in-the-clinic-following-years-of-hype/

Ao

. There are more than a few in pharma who are still
Head Scratching by Some it i achcittheac ovancs of AV
= (] v.v‘ ¢ ‘ f RERL Lig g

They just dondt think that machine | e
insights that they are already getting.

We are sympathetic to Regeneronds per
and dondt dare utter their belief g8v

Imagine that scientists discover a receptor tomorrow that when inhibited makes all
di abetes go away. We wouldndt doubt t
company would be able to develop drugs that would work against this receptor using
existing technologies.

Perhaps Al/ML would make the right drug faster but, last we heardpharstasand
manybiotechsare quite good at small molecule discovery.

We spoke to Stig Hansen of Kimia about all of this (and reprint his thoughtful commg¢
later in this publication). He should know as he and his team have achieved two ma
drug discovery victories using Al. His main point is that first generation Al efforts ha
been hindered by poor data and suboptimal compound search strategies.

He notes that i1tds often the case thapg
design effective and safe drugs, hence the many failures of drugs in the clinic assoc
with ofttarget toxicities, poor binding and poor dHilge properties.

He is highly optimistic about the future of Al and drug discovery and would argue th
AI/ML allows to gebetterdrugs against targets such as that miracle diabetes recepto

(continued)

8 A discussion of Al implications for humanity and associated hyperbole appeared recently il tBgeet Journal



https://www.wsj.com/tech/ai/elon-musk-and-jamie-dimons-ai-predictions-and-what-they-mean-for-the-future-of-humanity-d100b0c8

Cause for Optimism

Hansen argues that, ultimately, Al in drug discovery will be a very big deal. It will change
pharma and can be far more productive than current approaches. Others such as Daphn
Koller and Eri€opolshare this view.

Stig Hansen argues that we will have a lot to learn and that the key is to take a focused
approach that goes after important hard problems in drug design.

Our own view is threefold:

First, highpowered computing, data science and machine learning is going to become pa
of the woodwork in pharma. Our industry is undergoing continuous change and improve
in available research tools. AI/ML will become part of the toolkit that every drug develope
uses. Developers that ignore Al risk obsolescence. To quote Jim Weatherall, VP of Data
Science at AstraZeneca:

Al will not replace drug hunters, b
t hose who do. &

Nonetheless, we view the advent of AI/ML in pharma as evolutiepaoyiding our industry
with the tools to leverage the great datasets possible with modern genomic, single cell a
microscopy datasets.

Second, the real value add is going to come from increasing our ability to go after disea
and associated targets that have henceforth been undruggable or hard to drug.

(continued)

9 See, for exampléttps://erictopol.substack.com/p/daphn&ollerthe-convergencef



https://erictopol.substack.com/p/daphne-koller-the-convergence-of

.~ The name of the game in the future will be to use Al/ML to radically
RaIS|ng the Bar rai se the bar of whatds possi bl e

MYC in cancer, for example has been seen as an undruggable
target. In an interview in early April, Abratiéeifets CEO of
Atomwise argued:

CThe two ways to really change
care are firsin-class or besin-class medicined think

we tend to overcomplicate things in this industry, but |
believe the essenceé? boil s

To date, advocates for Al in drug discovery have noted the
ability to accelerate approvals and reduce costs for the
current way of doing things.

We have heard and read countless pitches from Al in
healthcare companies and reproduce some of the best
material in this review. What stands out are companies that
are taking fresh approaches to tough problems. Examples of
such companies include Eikdnsitrg Isomorphic, Molecular
Health, RecursioValoand xTalPi

The idea of digitizing and automating cellular perturbation
experiments, combining such experiments with CRISPR
editing etc. is cool and is generating fresh biological insights.

(continued)

10See https://www.drugdiscoverytrends.com/forgefficiencyfocuson-shiftingthe-standardof-carewith-ai-in-
drugdiscovery/
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The Future Is Unpredictable

Whatwemean s t hat i t dsnomedougs. Thédrealivaluegantributiom aj Al/ML would be to help
our society get theighrdrugs.

Further, AlI/ML will enable radical change in healthcare itafetsabove is getting at the issue. Why are we & =
so focused on doing better at what wkeady dan drug discovery and healthcare with Al? We would travel by airship.

A R T 1)

The French artistillemarddesignedpostcardsn 1910 onvhat the future would look like in 2000. We have
reproduced some of his illustrations at right.

What is so striking is thafillemardgot some of the possibilities right. Sort of. Indeed, we would travel by air,
not just by airship. We would get audiobooks, b
anywhere near that makeup machine thing.

Joshua Keating writes Koreign Policjhat:

Visions of the future generally reveal more about the time in which they are created than the time t
are predicting. Take for example this film o
spacebound future, made durindg! the early days

We Dbelieve that current visions of what Al / ML w
come from and miss the larger opportunity aheawdhich is to rewrite the rules for how therapeutics and
healthcare can work.

4 : : i '7 7

VNS Y
One hopes that an incumbent company could be th o ﬂﬁ
Makeup would be applied by machine

no doubt that many of the big pharma are trying to do just that. (continued)

39

L1Seehttps://foreignpolicy.com/2007/09/21/whwits-hardto-predictthe-future/



https://www.sadanduseless.com/world-in-2000/
https://foreignpolicy.com/2007/09/21/why-its-hard-to-predict-the-future/

Al/ML Challenging to Incumbent

But history would suggest that it is likely to be a new company that introduces the ne
ideas and news ways of using Al/ML to reshape healthcare.

Daphne Koller dfisitrorecently commented:

CAnd we've seen that in every technological revolution that the native companisg
that were born in the new age move faster, incorporate the technology much m
deeply into every aspect of their work, and they end up being dominant players
not the dominant player in that new world. And you could look at the internet
revolution and realize that Google did not emerge from the yellow pages. Netfli
did not emerge from Blockbuster, Amazon did not emerge from Walmart. Somg
those incumbents did make the adjustment and are still around, some did not a
are no longer around. And | think the same thing will happen with drug discove
and development where there will be a new crop of leading companies to work
think, maybe together with some of the incumbents that were able to make the Wedre stil!]l

adj ust?ment . dz episodes of the Jetsons.

The real question is what ideas or approaches to pharma and healthcare that are bei
or could be adopted today will end up being real and relevant in, say 2050? And whig
geewhiz ideas will end up on the dreaded trash heap of history ke t hat J
¢Cflying card highlighted at right?

We would start by noting that new technologies can fundamentally reshape the medi
In the same sense that Blockbuster could not envision what a streaming service mig
be, i1tds I mportant to think very fund

12Seehttps://erictopol.substack.com/p/daphnéollerthe-convergencef (CO/?I‘/'/?UGOQ
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Are We Fully Thinking Through the Possibilities?

medical system works and why do we use drugs to treat it.

To analogize, amy of the earliest television programs were modified
versions of weléstablished radio shows. Lacking ideas of what to do
with TV, early broadcasts involved reading radio plays ovérly.
hard to believe given the amazing content now available on modern
video streaming that TV began with such uncreative applications.

When presented with a new mediu
This leads us to ask might we be able to better treat disease and

maintain health using the leverage provided by better computing,
machine learning techniques and improving healthcare datasets?

Our gut is that there should be a whole lot more here than just getting
the computer to do billions of binding calculations between targets anadcasting a radio play at NBC soon to be one of the Iargest teIeV|S|on stations in the U S.

|l igands in hours rather than | ifetimes t S W €
really know what to do with TV fefpae @fgmbthought§ to Qe@rbthegon\fergathp IShOLﬁdéth%réat h K

begun to think about how Al is going to change medicine and the drug? & dondt have ' conviction
industry. Jjust want to outline some pOSS|b|I|t|es.

We encourage you to think of t hjingwogdpkrlamaislargelyseparaiedfiomthe yquld of heglthegre, o ¢

sharing your thoughts with us and others. Pharmaceutical companies build novel chemical entities that can be
administered by physicians, nurses or even patients themselves to
reduce the effect of a disease or even get rid of the disease entirely.

(continued) 41

13Seehttps://historycooperative.org/thdirst-tv-a-completehistoryof-television/
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Al, Pharma and the Delivery of Care

Pharma companies protect themselves with patents that prohibit others But then there are more complicated problems with thousands but not

from making copies of their chemical inventions and seek to profitfrom bi I I i ons of per mutati ons. Li ke, w

exploiting those patents in the market. this restaurant on the other side of the city? This a mediomensional
problem. We can all do this effortlessly now with Google Maps.

The factors that determine the value of a pharma company are how many

good products they can invent, how long the patents last, how much youNot too long ago, you needed years of training to learn to navigate all the

can sell a product for, the margins of the products and the quantityoff st reets of London. This was call e

product sold. Now, anyone can do just as well as the best London cabbie by using the
computer in seconds. For free.

|l tds an interesting business because while companies can get exce

margins from temporary monopolies created by patenting, there is After this, there are high dimensional problems. Like what are all the dishe

intense competition to get those monopolies. Hence, with few exceptiond, could make with the food in my fridge and cupboard? (answer: an

you dondt see pharma compani es ,gmdomputablelamelnumbery.t hi ng | i ke the bigge

tech companies.
Diagnosing and treating patients as a doctor is a medium dimensional

Al, Dimensionality and the Delivery of Healthcare problem.

We believe that Al will have much more impact on how healthcare is Delivering care and learning to be a good doctor is harder than learning ta
delivered than on drug development. be a good London cab drivelbut not thatmuchharder.Decades of

clinical experience help even further. To boot, doctors will often see
Later in this review we talk about problem dimensionality and where patients where they dondt know wh

computation can hel p. Low di me n s specialsts with theorbglisterknawviedge. i ng doesndt nee
computation. We humans can reason our way through most binary
choices, for example. Thus, it should not take long before the computer can do just as good of a

4There is evidence that this is happening now.8&es://www.mcpdigitalhealth.org/article/S2949 -7612(23)00070-6/fulltext . JOb In taklng care Of patlents as a dOCtor éé'n

(continued) 42
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Al Will Completely Change the Delivery of Medicine

This turns out to be highly controversial. There are endless missives of physicians used in everyday medical care cut by half or more by 2032.
on this in places likdAMAnd NEJMrguing that, at best, we are

going to see computers help doctors rather than replace them. We arendt trying to pick a fight h
topic in this review is how Al is going to change pharma, not care delivery.
The skeptics say that medicine is an art and that there is no way So, coming back to the topic, how will Al most profoundly change pharma?

doctors will never be replaced by a compdtdnterestingly, every
oneoftheseatthl articles wedve foun,d Weaskwyouitotindidge ustarnyd imaging that dootars st lexast but there are a

sees Al agugmentingot replacingphysiciancentric caréb lot fewer of them in the future and, instead, there are human medical guides

that are good at observing patients and analyzing them with computer help.
Our own view is that this is whistling in the wind. |l tds sort of
saying that the cab drivers will just use those Garmin's when theyigetThey al so have at | east average be
lost. time with patient3/These guides might have a year or less of{card

medical training and would cost a small fraction of what doctors cost today.
The reality is that a reasonably wedined medical assistant will
visit a patient with an iPad hooked up to a generative Al programandWe dd say pharma companies will nee
do a perfectly good job of diagnosing and recommending treatment substrate that they are grafted onto is going to change.
for 95%+ of complaints. And, in time, this might get done without a
human present. How and when drugs are prescribed could change. It might be possible to us
fewer drugs and more alternative interventions. Instead of lobbying doctors t
Why on earth, then, would a health insurance company pay for the use your blood pressure pill, one will need to understand what is driving the
current way of providing care when this alternative approach works? comput er to recommend it (or not).
Ofcours, this will al/l pl ay out i ncaredlgorighms oiteedutiure svidl lye goodl fer prearma. lanmatety ianvgesn t &/ r
years. Maybe five. One pr omi ne nbenypleschbedenmighnodthevottef wdy areuede t he number

15See, for exampléitps://time.com/6306922/artificialintelligencemedicinedoctors/ (CO/?f//?UE’C/ on next page)

16See, for exampléttps://insight.kellogg.northwestern.edu/article/wdi-replacedoctors https:/postgraduateeducation.hms.harvard.edu/treatedicine/howartificiatintelligencedisruptingmedicinewhatmeansphysicans,
https://www.economist.com/technologyuarterly/2024/03/27/canartificiatintelligencemakehealth-caremore-efficient

"Googleds Al Chatbot for medicine was rated as havi emnttdsteSeatps/ wmenaturecom/drticlesfis15882 40100945 Futthery Microsoft id dedeloing @ prdgrant thaelistensindn at43di ag
patient/doctor conversations and runs ChatGPT "in reverse" to interpret patient comments and provide suggestions to lihéndegtating large databases and patient data with what is being said to help provide a diagnosis or recommendati@tefos.next
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https://www.economist.com/technology-quarterly/2024/03/27/can-artificial-intelligence-make-health-care-more-efficient
https://www.nature.com/articles/d41586-024-00099-4

Al and Care Guidelines

The diagnostic algorithm is going to be driven by a foundational model of}
medicine that is going to be far smarter than current doctors.

To amplify on this idea, we have argued elsewhere that in the future therg
be substantial value to be had from proprietary healthcare treatment
algorithms and that these can be incorporated into wholly or partially owned
treatment settings. Further, these can include proprietary pharma produc
To some degree, this happens now. Fresenius, for example, owns numerjis
kidney dialysis centers in the U.S. Their doctors follow treatment guidelingses Ve
set up by FreseniuBresenius also owns part of a pharma JV company cal \
Fresenius Vifor. The effect is that Fresenius makes substantial increment

margins if guidelines incorporate pharmaceuticals from Fresenius Vifor. o

Trust us. They do. You wondt f i nc¢
competitive iron product, for example.

Ourviev i s that Al makes 1t dramat.
treatment plans for each patient. Now, with Al that uses customized
treatment plans linked to customized drugs (that could be wholly or partl
owned) it becomes a lot easier to do a great job for the patient.

And, when this happens, it should feed back and save money for the sys
and help all parties involved as positive word of mouth from the patient
spreads through the system.
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(continued)



Ownership of Foundation Models and Languages

What wedr e s phgrghvassould get@ lotim®re inviolzed in You can go tbttps://chat.openai.conor https://copilot.microsoft.com/

care and could use algorithms to enhance outcomes for patients. and try out ChatGPT today which runs off a very sophisticated large
language model called a GPT. A GPT is a foundational model as it is a lar
The economic opportunity is huge. If you could get paid an extra framework that will give a good a

thousand dollars for every Type 2 diabetic in the U.S. because of your
pharma guided treatment algorithm, that would work out to a $30 billion Foundation models have taken the world of Al by storm. Thesejmed
revenue stream. powerhouses have revolutionized natural language processing, computer
vision, and speech processing, making remarkable advancements in
All of this is Jetsons stuff. Nowhere near reality today. Flying cars soundvarious domains.
easy in comparison.
With their ability to understand language, images, or multimodal data at a
We agree, but we think this vision of the system is ultimately feasible andeep level, foundation models have paved the way for ctetigg Al

would be beneficial to almost all parties in the system. applications and accelerated development timelines.
We think this type of vision would really work well in a world where To prepare this review we read co
machine learning, big data and higbwered computing are linked read through over 100 corporate websites oftAthbiocompanies and
together in the service of patients. reviewed many dozen articles. With some exceptions, few companies
aspired to create foundation models for an aspect of biology. That is, we
Ownership of Foundational Models, Physiologic Languages and found that most companies aspired to learn a key piece of biology and
Operating Systems then relate it to disease and then develop a drug that would impact that
disease by exploiting the biological insight. Many companies were super
Recall that foundational model is a laigale summary of a bunch specific. Such as GCwe are doing p

relationships such that If you give the model an input, it willgiveyoua wi t h ML based on the principles o

specific output. (continued)
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Few Companies are Chasing
Foundation Models in Biolog

A few companies seemed to grasp this larger opportuntirich is to create

a translator that would take biologic inputs from an organ system or other
part of the body, deconvolute those inputs into something with meaning anc
then allow one to feed back into that part of the body.

A highly sophisticated biological Rosetta Stone.

An example of an interesting company we encountergdleyTherapeutics
who say:

CCell s are the most powerful <co
years of evolution, cells from vastly different organisms have learned
adapt and respond to their environment in a remarkably similar
fashion. By pinpointing and interpreting these commonalities, we
begin to decode the language of cells. Through our founding researc
we have defined and validated a common Cellular Language across &
array of diseases. As we become more fluent in this Cellular Languag
we are able to prognosticate cell fate with unprecedented
profi i ency. dz

Heady stuff, right3oleyis arguing, perhaps heroically, that they can create a
generalized input / output model of cells. Cells, as you know signal in many
ways and can be observed using microscopy and analyzed with histology.

18 Seehttps://soleytherapeutics.com/ouscience/
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Al Constructs Can Radically Shift the Pharma Business Mod

Without saying itSoleyis trying to create a foundation model for human cells.
Some of the more ambitious companies we reviewed seem to have similar
long-term goals for aspects of the body (especially Recursiovalul

|l f 1 tds not obvious, we are sugages:
pharma business model by building foundation models for all or parts of
human physiology. Obviously, a home web appliance like Alexa takes input
(your questions or comments) and turns them into outputs. This is, technica
a physiologic system (aural / brain) that links a living organism to a larger
outside world. First generation, opsource foundation models in bio have
includedGenePTor DNA an@igRNAor RNA.

We wish to define a few terms here before going too much further. Again, a
foundation model is a generalized data/analytical framework that converts
inputs into outputs in a rational and predictable walarguage, in contrast,

Is a stream of signals (e.g., words) that have a specific meaning within a
specific context. Normally, one thinks of a language as a human language |i
Mandarint®

But, a language, could just as easily be a computer language (e.g., machine
code for an Intel PC) that could be read and written. Languages can be
programmable. To contrast, anperating systemis a piece of software that
interfaces with and controls the various parts of a mechanical or biologic

organism. (continued)
®You wondt be surprised to hear that the topic of how
meaning to them has |l ong been studied in the fielg7of

h
and semiotics dating from the 1860s ($ems://www.degruyter.com/document/doi/10.1515/s@®120035/htm)).
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Biology, Foundation Models, Languages and Operating Systems

So, coming back t8oleyTherapeutics, the idea of creating a foundation The idea is straightforward. Our body is 90%+ saltwater held in cells and
model that could read any cell and, even better, give feedback to that callgans connected to the brain via electrical signals. Those signals are
through any number of mechanisms would be really cool. The signals ingenerated in the brain and sent to organs and cells via the central

and out can be deconvoluted and thought of as a language. And one; nervous system (CNS). Organs and cells can respond to the signals and
could imagine an organism controlling all its cells through a central unit send signals back to the brain.

(perhaps the brain). That control would need to work through a well

coordinated set of procedures that would themselves be encoded ltds not too hard to put an el ect
somewhere and could be called an operating system. look something like this:

So, is this alVillemardlike fantasyH perhaps a great idea for what we
should be doing in a hundred years?

Wedd argue not .

Wedve alll seen examples of pr ogrAaohofaldctirode readings look li@enmpise origibberish and have no
specific meaning to us. This is where Al comes in. Through well

Cells can be engineered in very specific ways using something alotlikeeast abl i shed met hods of signal dec

language. Early practitioners of this art inclddeolusand ArsenalBio digitize electrical signals at different frequencies. One can then use ML

and a new generation of companies suchiasnoy bit.bio, GC to associate these with physiologic data (e.g., how does the readout

Therapeuticand GinkgoBioworksare all working on far more advanced change when you stick a needl e in

ways of programming human cells.
Once you have figured out the meaning and can interpret these signals,

Perhaps the most relevant place today for this computer / body / i tds possible to write these sign

language model is the field of bioelectronics. (continued)
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Examples of Using ML to Augme
Biologic Systems

El on Mu s k dsurainbhapeaactly this ambition. Neuralink is focused /S
on building a generalized interface between computer and the humanHorain g
referred to as a braimachineinterface (BMI). The idea is to both read signals
from the brain but also to feed signals back in.
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This is obviously an ambitious idea and one that might take more than a little
time to achieve its hopefibr potential.

But we would note that others are working on problems in this area that are
much more achievable in the near term.

Some favorite companies of ours in this field2l@S Healtand Beacon
Biosignals

BeacorBiosignalgs specialized in reading EEG signals from the brain and
associating those with neurophysiologic statBsink depression, epilepsy,
Parkinsonds etc. You might say, ho
Cdepressi ond r-ehbracterizéedphefmotypesnd and i |

Wedd say: exactly! Thatds why itds
directly. With enough good data and ML modelling one can describe perhaps
range of depressive states and interventions that could impact them.

(continued)
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Obvious Questions About Evolution of Pharma

We think the implications could be profound as ownership of a generalized
language for reading and writing a major human physiologic system would be
far more valuable say than full ownership of mMRNA vaccine technology or an
ADC platform.

ltds quite interesting to see whatds hapyp preis ¢ ‘ cel l
companies like Eikompsitroand Recursion. Recursion has come out and said Ry p '
that their purpose is to build a generalized foundation model for biology and
chemistry.

These Al / ML compawidat dspgaadal avihi €Crmulctain
omics based, optical, electrical etc. These companies are on a path to be

more thanpharmasbecause they are building the data and tools require to

make foundational biologic models.

OQur view is that there i s a way to evolve f
drug discovery field who are largely focused on generating drugs to
something much bigger and more important. As in any Darwinian battle for
survival, knowledge, imagination, creativity, resources and luck will be very
important.

Charles Darwin.

Rapid computation, Al and machine learning

There are obvious questions here. Many, such as Daphne Koller, suggest that are raising q_uestlons_ regarqmg_the SL_”VNaI of
it will be difficult for an incumbent to adapt quickly enough to the new iIncumbents in many industries including
possibilities and that it is likely to be a new entrant that will become pharmaceuticals.

dominant in pharma. History is certainly on her side. 50



Looking to the Future

We would ask a different question
world of big pharmat a/in an Aldriven pharma world? Today, we cover over a
dozen compgpmmaskz. ashé€begi s no one ¢c
bigger than the rest to b#e big pharma Yet, in other technologlyiven
industries (e.g., search engines, operating systems, online commerce), there
usually a single player or, at most, two players that come to dominate a field.

Our instinct is that a company that can build good foundation models for drug
and/or provide medicine (with drugs) via sophisticated algorithms could be in §
such a privileged position versus competitors. The more progress one makes
such a model the easier it gets to make the model better. The usual diseconof
of scale in pharma R&D would fitd. t ds f or t hi s r easomy:
social media companies and search engines has been so d#ficult.

The implications could be profound as ownership of a generalized language f
reading and writing a major physiologic system would be far more valuable s3
than full ownership of mMRNA vaccine technology or the ADC technology.

We encourage you to think about Al
transform therapeutics broadly and to not focus as much on who has how m
drug pipeline and whether i1 tds any

We started with skepticism and end
AI/ML in biology and pharma and look forward to the next several decades of|
development.

20 Seehttps://www.baybridgebio.com/blog/rd_bigpharma_startup _for a discussion of how small biotechs run circles around big
pharma in R&D productivity.

21 See, for example https://www.youtube.com/watch?v=dO0ljuiwkJC4



https://www.baybridgebio.com/blog/rd_bigpharma_startup
https://www.youtube.com/watch?v=d0IjuiwkJC4

Al In Drug Target Identification
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Big Pharma R&D Business Models and Target Identification

A critical factor in R&D resource allocation goes beyond the selection of More recently, a key driver has been emerging insights from the fields

what disease to work on. of transcriptomics, proteomics, epigenomics and metabolomics and
disease.

Perhaps the single most basic element of R&D strategy is what targets to

work on. For simplicity, scientists refer to these emerging disciplines (combined

with genomics)-onacs. L OMI Cs or mul t
|l tds fair to say that there are, three basic approaches that pharn
companies take: (1) find novel targets and develop drugs againstthose |t appears to us that we are in
targets, (2) develop drugs against targets that are already known to be:  in drug developmert and related areas like diagnostics.
relevant for a disease state or (3) develop drugs without knowing the
specific target (but knowing for other reasons that a drug will work). Another critical tool is cellular perturbation analysis. How does a cell

change when an aspect of its biology is changed. For example, a
The pace of work in industry and academic on novel target identification mutation is created using CRISPR/Cas9 editing.
has accelerated massively in the last decade.

Al driven cellular perturbation analysis is becoming a mainstay of the
A critical aspect of the acceleration of work on target identificationcomes phar ma i ndustryds work on target
from machine learning and Al.

Structuring literature searches with Al has also become increasingly
Initially, the main driver was emerging understanding of the genetics of important.
disease and efforts to exploit such understanding with novel drug
constructs.



Target ID: Harder Than You Might Think

2021

CTarget i1 dentification |ies at the heart of nfndlaebiological targegythatplags@a oole & disease, @en paper
find a therapeutic that interacts with it - yet this belies the complexity of the task.

The challenge of discovering and validating targets is reflected in the failure rate of drug candidates in the clinic, whepmromising treatments fail to show
efficacy even in relatively latestage trials. The reason for this failure is usually that the underlying hypothesis that this drug activates or inhibits a target and
modulates the disease in a particular way in a particular patient population- turns out to be wrong.

While our success rate of pipeline molecules advancing from prelinical investigation to completion of Phase Il clinical trials is higher than industry averages,
we endeavourto do better. For this reason, over the past few years we have invested in multiple technologies to help improve target discmy.

In the past, most of our drug targets have been found by combing the published scientific literature for insights into moledar pathways or genetic variants
l inked to disease. Wedre now aiming to get ahead of tolghoucracentiavesimentsfiocusi ng o
genomics, functional genomics, and machine learning and artificial intelligence (ML/AI).

The journey to discovering better targets starts with building a deep understanding of biology. Increasingly, this comes frogenomic insights, whether from
patients and public biobanks or from tissue andtumour samples, aiming to identify genetic alterations underpinning disease.

Through our Centre f
di seases and clinica

or Ge nanayse? sillichgenenses by B026, dvesvig from diveerisenpopulgtionts and covering a wide range of
Il trials. d&
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