Artificial Intelligence in Biomedical
R&D and Drug Discovery

mapping yourself to Al, from Algorithms and Agents to Good Practice
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Disclaimer: The views, data, and content presented in this material are either entirely my own or in the public domain and do not necessarily reflect those of my employer.



| AUTHOR’S NOTE

| have made significant use of different Al tools to put this presentation together. | can honestly say that it has
been a frustrating pleasure. Believe me when | say this oxymoronic statement is entirely intentional. While | have
a natural inclination toward complexity, this is likely the most information dense set of slides | have ever made. |
highlight this out of a sense of caution and empathy toward you, but also - mostly - to highlight that it is a lesson
in itself; to showcase both the capability for large language models to encode knowledge and mirror it back in
myriad ways. It is a remarkable weapon in communication but it is also, of course, a double-edged sword. As you
will no-doubt see for yourself there can be such a thing as too much information and within it the certainty that
some of it is wrong. | therefore encourage you not to believe anything more beyond this note and to make a study

of the content yourself. | have put DOI links to all resources used on every slide. Good luck.



I SYSTEMS EVERYWHERE

I
Technological change is not additive; it is ecological. A new

technology does not merely add something; it changes
everything.

— Neil Postman
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Context



A BRIEF HISTORY

Long and large investments into machine learning

Machine learning & Al

1950-1960

Birth of Machine Learning
1970-1980

Expert Systems Era

1980-1990

Renewed Interest in Neural Networks
1990-2000

The Age of Data

2000-2010

Deep Learning Revolution
2010-2020

Early Industry Adoption and Ethical Concerns
2020-

Maturing adoption, LLMs, federated & edge
computing.

Biomedical informatics

1970-1980

Basic Data Analysis
1980-1990

Molecular Modeling
1990-2000

Bioinformatics Boom
2000-2010
High-throughput Screening
2010-2020

Drug Repurposing and Personalized Medicine
2020-

Multiomics & optimisation of biologics




FALLING INTO LARGE LANGUAGE MODELS

Al has been incredibly successful but LLMs have captured our imagination ... WHY?

N-Gram models

N=1
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ACCELERATED PROGRESS = CHEAPER ACCESS

Each discovery prompts an even greater discovery, Sooner.

100 MOST PROMISING A.I. STARTUPS GLOBALLY
(GROUPED BY SECTOR)

SIZE OF CIRCLE SHOWS TOTAL
FUNDING FOR EACH COMPANY

FINTECH & INSURANCE

ROBOTICS

EDUCATION
AND MEDIA

T entereRisEn

1,
MARKETING & SALES,

LEISURE .
SCIENCE ‘

"

{ ! HRTECH,
ASIA  PERSONAL
ASSISTANTS

IoT AND
AUTOMOBILE

RISK &
REGULATORY S
COMPLIANCE/

LEGAL TECH

CYBER AND
PHYSICAL
SECURITY

El
ANDISRAEL

CROSS-INDUSTRY/

OTHER CATEGORIES COMMERCE

FORTUNE MAGAZINE 'SOURCE: CB INSIGHTS; FOR THE COMPLETE LIST, G0 T0 CBINSIGHTS.COM/RESEARCH-AI-100.

Hype Cycle for Artificial Intelligence, 2023

Expectations

Synthetic Data

ModelOps

() Edgel Computer
Vision

Cloud Al

Soniseg - Data Labeling

and Annotation

Inteligent Applications

Autonomous Vehicles
Maker and Teaching

Peak of
Inflated
Expectations

Trough of
Disillusionment

slope of
Enlightenment

Innovation
Trigger

Plateau will be reached:

ial Intelligenc

Natural Language P

Plateau of
Productivity

Generative Al
Reshaping the future

Types of Al enablement

Al foundation models
of global knowledge

internal

Al foundation models
of enterprise knowledge

Other Almodels and
frameworks, including near-AGI

Generative Al allows creating new content from prompts.

Image

Audio

Al-Enabled
knowledge worker

TEN GENERATON

AVATAR GENERATION

OAIK GENERATION

MDD GENERAIION

CODEGENERATON

Strategic

Tactical
Work

How Artificial Intelligence will
reshape the workplace and
employee experience

data dojo

— data science for everyone ——

OpenAl

ANTHROP\C

VIDED GENERATION

AUDID GENERATION

aws
amazon + stability.ai
idu Cloud

© BADUAICLOUD




THE HYPE CYCLE COMPOUNDED

Don't focus on technology, focus on valid needs and adopt Al as necessary.
Watch, wait, learn - together.

A hype cycle depicts phases of enthusiasm for a new tech: initial
excitement, over-expectation, disillusionment, and productive

use.
m Al'sdevelopment is marked by overlapping hype cycles, each

depicting phases from excitement to productive use.

m Fromrule-based systems to deep learning, each era has its
own cycle, with daily Al discoveries adding to the complexity.

m Aladvancementis accelerating due to computational growth,
data availability, and intersections with other technologies.

m [hiscompounded and quickening trajectory makes predicting
Al's future increasingly challenging.

We are in no position to accurately estimate the end-game for Al or
decide on the most impactful use of Al in healthcare.

We can only assume the impact will be extreme & we must learn.



A History of Bioinformatics

Tracing 50 Years of Molecular Logic



| 1970: The Global Alignment Milestone

4 A general method applicable to the search

for similarities in the amino acid sequence
of two proteins.

— Needleman, S. B., & Wunsch, C. D. (1970)

Established the dynamic programming framework that

remains the bedrock of molecular biology.

The Needleman-Wunsch Algorithm

SCORING
CELLULAR
MATCHES

PATHWAY
SUMMATION

CODON-BASED WEIGHTING
(OPTIONAL SOPHISTICATION)

REAL VS. RANDOM
TESTING

REAL RESULTS
ONILSIL WOANVAH

https://doi.org/10.1016/0022-2836(70)90057-4



https://doi.org/10.1016/0022-2836(70)90057-4

| 1981: Refining the Local Search

@ Smith-Waterman Algorithm: Optimized for sensitive local

alignment.

@ Enabled identification of common molecular subsequences

between divergent species.

@ Foundation for domain discovery and evolutionary

conservation mapping.

Decoding Molecular Similarity: The Smith-Waterman Algorithm

THE FOUR-WAY CHOICE

= Match (+1.0):

Increases Similarity

Mismatch (-1/3):
Decreases Similarity

S T GC Deletion/Gap (W;: 1.0 + 1/3k):

MATRIX lon/Ge (

ANATOMY Penalizes Length
SMITH-WATERMAN

LOCAL ALIGNMENT k) u "
CORE \ \‘3 = THE “ZERO" RESET

Restarts search when similarity
drops, preventing negative scores

LOCATING THE PEAK
(Highest Numerical Value)

;’Séglégﬁglé ----- -}T REVERSE PATHING
0 ZERO

(Alignment Boundary)

FOUNDATION

LI GAGACATCCAGTTTATCACACCTGTCATGAATAGTTAAAGTGGA
(Needleman-Wunsch, 1970)

GLOBALAUGNMENT<|: SEGIEHGEYN  TCAATGGTCAGTCTAATTATGCAATCGTGATCAAACTGTCGGAA

<«——— Matches entire length — >

https://doi.org/10.1016/0022-2836(81)90087-5



https://doi.org/10.1016/0022-2836(81)90087-5

| 1990: The BLAST Heuristic Revolution

4 Speed over Exhaustiveness: Heuristic search allowed Inside BLAST: The Engine of Genetic Discovery

QUERY SEQUENCE

indexing massive databases.

STEP 1: WORD LIST GENERATION
Supporting Detail: The query sequence
is broken into small “words" (w-mere)

4 Proved that scaling biological data requires smart '

Supporting Detail: The tool rapidly
scans the massive genetic database to
find exact matches for these words.

a|g0rithmic "Shortcuts ! / ‘ k STEP 2: DATABASE SCANNING
| = =

4 Became the most cited work in bioinformatics history

STEP 3: MSP EXTENSION
Supporting Detail: Every “fuf" is extended
to find the Maximal Segment Pair (MSP)

(Altschul et al. 1990). o :

STATISTICAL SIGNIFICANCE (MEP)
Supporting Detail: A mathematical

measure used to distinguish true v THE SPEED-SENSITIVITY
HEURISTIC biological relationships from mere TRADEOFF

SPEED ADVANTAGE g chance similaritis.

Citations

Supporting Detail: Optimized
Supporting Detail: A scanning allows the tool to

BLAST is over 10x faster than PROBABILITY OF process half a million protein

previous tools by ignoring JHRESHOLD (1) | NORDS SENERATED CERTIME MISSING MATCH residues every second

low-probability matches early. 13 — L
(High Sensitvty) Q Z5:000 @ 39.0s m
17 >
(Standard) m 16,000 | (7 N 12.08 m
20 R
(High Speed) m S0 K \) 5.0s m

https://doi.org/10.1016/S0022-2836(05)80360-2



https://doi.org/10.1016/S0022-2836(05)80360-2

Probabilistic Models &
Hidden Markov Models

l~» Transition from rigid rules to probabilistic state modeling.
|~ Perfect for sequential data like DNA, where states (exon/intron) are "hidden."

l~» Allowed the community to handle biological noise and uncertainty for the first time.



Inside : Mapping the Human

I 1997: PrediCting the Human Genome Genome with Hidden Markov Models

GENSCAN's Advanced Implementation

i Promot
Simultaneous iomolers

Double-Stranded
Scanning

GENSCAN analyzes both DNA
strands at once to find complete,
partial, or multiple genes.

, , 80% Exact Exon
M ° Q Isochore-Specific Identification
rediction of complete gene structures in
resgers Data Table
C+G)
( C )
d | L Mean Intron Length: 2068 bp
o 43% - 51% (Medium C+G) /
Gene on 24,700 | ( g
human genomic DNA Al
N Strand —— e () Perfect Boundary
® Gene on > 57% (High C+G) Precision
Reverse 3100 ) Other

Strand Predicted | L Mean Intron Length: 518 bp
& This advanced HMM
GENSCAN analyzes both DNA identifies 75% to 80% of
strands at once to find complete, The program adjusts its calculations exons with perfect
partial, or multiple genes. based on local C+G density for boundary precision.

— Burge, C., & Karlin, S. (1997)

: How Hidden Markov Models (HMMs) Work

GENSCAN used HMMs to map the human genome's functional

architecture before the first draft was even finished.

Observable DNA letters —
ALEPAACCLT Duration Intron Duration
start—(Exon1) - Intron —(Exon2)  End ]

[T T
Hidden Biological States il e - i v )
(Exons, Introns, Promotere)

The “Hidden” L of DNA Probability-Based Pathfinding Modeling State Durations
HMMs predict “hidden” biological The model caiculates the most likely The HMM accounts for the typical
states based on observable DNA path through various gene components lengths of different functional units
sequences. using mathematical transitions. inagene.

https://doi.org/10.1006/imbi.1997.0951



https://doi.org/10.1006/jmbi.1997.0951

| 1998: HMMER & Protein Domain Families

5)

)

5)

)

W

Sean Eddy (1998): Established profile HMMs

for protein signatures.

Enabled homology detection beyond simple

sequence similarity.

Standardized how we define and annotate

immune protein families today.

The Peak:
Global Annotation &
Immune Families l

The Core:
Profile HMM <
Architecture

The Foundation:
Statistical Sequence <

Modeling L

Decoding Protein Families: The Architecture of Profile HMMs

Immunoglobulin
Superfamily

Large HMM libraries like
Pfam and PROSITE are
essential for identifying
complex immune domains.

Intelligent Gap Penalties
Transition probabilities learn the
biological “cost” of insertions and
deletions from real protein data.

O From Alignment to Probability
HMMe convert multiple sequence alignments into a
"hidden" state sequence representing biological meaning.

The Triple-State Architecture § ~
HMM Library Comparison

(Pfam Domain ) i N 42% Genomic HMM Library Focus

notation Pfam Large-scale multiple sequence alignments
D-C)=< - Profile HMMs successfully and seed-based HMM profiles.
annotated nearly half of ‘

the C. elegans genome in PROSITE Sensitive HMMs for families that simple

(PROSITE Pattern )
( J) early benchmarks. Profiles motif patterns cannot recognize.

Modeling Structural Loops
Insert states can capture the hydrophilic
bias found in the surface loops of
protein structures.

ADECBICTRAS
[

SEBEERTERVSSE

O Remote Homology Detection O Viterbi & Forward Algorithms
HMMe capture position-specific conservation patterns Standard dynamic programming used to align and
to find distantly related proteins that BLAST might miss. score sequences against the probabilistic model.

https://doi.org/10.1093/bioinformatics/14.9.755



https://doi.org/10.1093/bioinformatics/14.9.755

The Rise of Support Vector Machines

Classification in the High-Dimensional Era



| 2000: SVMs & Gene Expression Matrices

Supervised learning with Support Vector Machines uses prior biological

x Brown et al. (2000): Appl'ed SVMS tO SVMS: A Smarter Way to Map Gene Function knowledge for accurate gene categorization based on microarray expression

patterns, overcoming the limits of traditional unsupervised clustering.

microarray data. How SVMs Work
Supervised Learning with Prior Knowledge Mapping to Higher Dimensions Superior to Unsupervised Clustering
n n . - X @ @ A Unsupervised SVM
8¢ Solved the "large p, small n" problem in early | 10 4 i P <

C Teach System to h ‘ R’ i (R Fails t ~L- Outperformed

. L Classify Unknowns 5p Al > 1 S;m:ggpf Idaeriif(;l il st &

genomICS. ? ? S Complex L~ Decision Trees in

' L) Relationships Functional Gene Sets

Known Gene Functions Low-Dimensional Data High-Dimensional Space

82  Allowed classification of functional gene THE KAl RrSiiAge - | MesteDatases - Application to Microarray Data

Functional Classification in Yeast

expression profiles in oncology. [ x o o)

Ribosomal Proteins Histones Proteasomes Class 4

Method Performance Comparison Successfully Recognized Five Functional Classes

Method Cost Savings (Higher is Better) Perfgrar:‘\:nce Predicting the Unknown

Radial Basis SVM st f W

) 15 Unknown Yeast © [ @
Parzen Windows 2nd Genes (ORFs)

Successfully
Predicted
Functional Roles

Decision Tree (C4.5) | ] 3rd

https://doi.org/10.1073/pnas.97.1.262



https://doi.org/10.1073/pnas.97.1.262

| Random Forests in Clinical Omics

Inside the Random Forest: A Cutaway of Machine Learning Accuracy

© Seagull Optimization (SGA):

The Strength vs. Correlation Ratio Majority Rule Voting Immune to Overfitting Mimics foraging to identify most

Accuracy depends on high individual tree strength Every tree in the forest casts a unit As more trees are added, the forest’s error informative biomarkers.
and low agreement (correlation) between trees. vote for the most popular class. rate converges rather than becoming unstable.

M _— . © Finding the “Needles in the Haystack”:
= gnilree "’E’Of’ee"‘:;“ SGA reduced massive dataset to critical genes.
&0 i ) { Thousands of Genes
e (24,481 features)

s S s
g C%L; J )= : ; Faster & Leaner Processing
£3 4 © Diagnosis in 3.25 seconds.
far}
RE
LE 5
e ( Comparison of Error Rates
w ¢ =
x 3 , ¥ W Single Tree  Random Forest
= o | ataesy Error (%) Error (%)
( | |

Sonar Data 31.7% 15.9% Random Forest core achieves

The “Forest” of - i near-perfect precision in
Decision Trees: © o v N / distinguishing malignant vs.
An ensemble of multiple f \ ) 4 benign tumors.
decision trees for stable, B > )
reliable predictions.

Diabetes Data 33.1% 24.2%

Glass Data 36.9% 20.6%

Resilient Against “Noise":
Forest structure prevents
overfitting, ensuring accuracy
fethod Gene on new patient data.
GA-RF (New)
Genetic Algorithm (GA)
Particle Swarm (PSO)

Accuracy in Early
Diagnostic Signatures

Feature B []
Feature C C

Random Vector Sampling Random Feature Selection The Out-of-Bag Shield
Each tree is grown independently using a To keep trees diverse, nodes only split using One-third of the data is hidden from each
unique, random slice of the training data. a small, randomly selected group of inputs. tree to act as an interal test.

THE INTERNAL LAYERS
(THE ROOT SYSTEM)

https://doi.ora/10.1023/A:1010933404324 (Breiman) https://doi.ora/10.1038/s41598-025-95786-1 (Yaqoob)

Ensemble methods like Random Forests brought robust, interpretable "feature importance" to R&D,
helping scientists identify the specific cytokines driving patient response.

- Breiman, L. Random Forests. Machine Learning 45, 5-32 (2001)

-Yaqoob, A, et al. ... Random forest classification for enhanced breast cancer ... Sci Rep 15, 10944 (2025).


https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1038/s41598-025-95786-1

2010s: The Deep Learning Revolution

From Engineered Features to Representations



| 20?2?: Convolutional Neural Networks

Spatlal Organlzatlon Cmd THE TECHNOLOGY: HOW Al “SEES” IMMUNITY ©

. )\ WhatareTILs?
\Y[e) Iecu Ia r CO rre Ia tion Of \ | Tumor-nfiltrating Lymphocytes are

white blood cells that move from the
blood into a tumor to attack it.

Tumor-Infiltrating
Deep Learning (

Lymphocytes Using Deep ,

Learning on Pathology Images.

Neural networks analyze tiny image

— Saltzetal. (2018) s e
Proved that Convolutional Neural R e 0 d® e Human-al
Feedback Loop
Networks could automatically map the FallclogiierevIow AL pedigons

and provide “corrections” to
fine-tune the model's accuracy.

spatial organization of immune cells
directly from standard digital
pathology images.

© BIOLOGICAL SIGNIFICANCE: TIL PATTERNS & SURVIVAL

Predicting Patient Outcomes

High densities and specific spatial patterns of TILs strong/
correlate with improved survival rates.

© VISUALIZING THE “BRISK” RESPONSE
(Brisk, Diffuse)
A "Brisk" pattern indicates a strong, dense
immune response spreading through the tumor.
Dense infiltrate across >30% of the tumor.

© BRISK, BAND-LIKE

Organized Border. Infiltrate forming a
boundary around the tumor edge.

© NON-BRISK, FOCAL

Very Weak. Minimal immune presence
in one small, localized area.

© MAPPING 13 CANCER TYPES

The Al identified unique immune structures across
5,202 sildes, linking spatial patterns to genetic data.

https://doi.ora/10.1016/j.celrep.2018.03.086



https://doi.org/10.1016/j.celrep.2018.03.086

2015: DeepBind - CNNs Meet DNA

]
Predicting the sequence specificities of DNA-

and RNA-binding proteins by deep learning.

— Alipanahi, B., et al. (2015)

Proved that Convolutional Neural Networks could learn "motifs" directly

from raw DNA sequences.

DeepBind: Decoding the Language of Life with Deep Learning

DeepBind Input —
(DNA/RNA Sequence 4
& Protein) e Protein-Binding
/ Sites & Motifs

Scans DNA/RNA
| sequences using
Convolutional 7 . digital detectors
Motif Detection 1 to identify specific
protein-binding
patterns

o " \ r Filters out noise
Rectification & k. and isolates the
Signal Pooling e f\ /a 3 strongest pattern

< / matches within a
sequence.

Nonli C ) 3 Combines filtered

_ Nonlinear signals to calculate

Predictive Scoring 3 the final probability
of a protein binding.

Digital Mutation Mapping

TRAATR AR AT
v DDA
7 NN

~ Mutation & Aggressive

[ Cancer Link
“— Detects gain-of-function mutations ?‘\QA‘ N
in the TERT promoter linked to P WIPZN N\

aggressive cancers. Disrupted
Binding Site

Binding Score

(( PREDICTIVE ACCURACY (AUC) COMPARISON )
[DeepBind [ Traditional (PWM) C(j & 0P

Hig! Low
0.90 Hemophilia &
Affinity  Affinity . 0.85 082 Hypercholesterolemia

Visualizes how single-letter Pinpoints disrupted binding sites
changes in DNA increase or responsible for hereditary
decrease binding affinity. 0 o EELEN e disorders like Hemophilia and
n Vivo - in Vivo :
Tanscription  Binding Data RNA Binding Hypercholesterolemia.
-actor

https://doi.org/10.1038/nbt.3300



https://doi.org/10.1038/nbt.3300

1962-1990: DEFINING THE MYSTERY 19S0-PRESENT,

S | The Protein Folding Challenge

Nobel Prize awarded for
first protein structures,
revealing a bafffing

lack of symmetry. Hydrophobic

N
L o= Nl ) & 60-year-old challenge: Predict 3D structure from 1D amino acid strings.

1968: The Speed Paradox . :

Cyrus Levinthal questioned Cracking the Physical Code
how proteins find their Discovery that hydrogen bonds
specific shape so quickly and “water-fearing" (hydrophobic)

= ) € o C | % Traditional costs to resolve one protein structure:

process.

The Energy Funnel Soluti

Protins fold astby ] —~ > \ = | - From Years and $1m down to months and $100k - $300k https://doi.ore/10.1146/annurevbiophys 050708.133740

paths toward the
lowest energy state.

- NIH PSl initiative Optimised down to $66k https://doi.ore/10.1016/i.5r.2007.12.002

The Protein Data Bank
enables computers to
predict new structures
by comparing similar
sequences.

’ o iy ot % R&D Bottleneck: Validation timelines for new therapeutic targets.

— Dill and MacCallum (2012)

Strate

gy Used: Strategy Used: Strategy Used:
Fragment Assembly | Template-Based All-Atorn
Result: Rapid Modeling Renoement
improvement using Result: Accurate Result: Simulating the
small known protein | enough to quide drug | movement of every
pieces discovery programs single atom in water

Beyond Basic Science
Insights now help

combat “folding
diseases” like Alcheimer’s,
Parkinson’s, and Type Il
Diabetes.

https://doi.org/10.1126/science.1219021



https://doi.org/10.1146/annurev.biophys.050708.133740
https://doi.org/10.1016/j.str.2007.12.002
https://doi.org/10.1126/science.1219021

2020

AlphaFold: Decoding the
3D Secrets of Life with AI

Shape Dictates Accelerating Lab
Function NN Discoveries
Understanding a AT predictions assist
protein’s 3D fold researchers in

veals how it crystallography and
understanding protein-
protein interactions.

ICTUR

BIOLOGICAL SIGNIFICANCE

interacts with

2020 - 2024:
The AlphaFold
Revolution

Bypassing Template Limits
AlphaFold creates accurate
structures even for proteins with
0 known similar “templates.”.

THE3D S

aditional

Traditional AIPrediction
Template Method

The Al uses simple

Gradient math to “fold" the

Descent _
Optimization
distances.

John Jumper and the DeepMind team

CASP13 ASSESSMENT:
s ALPHAFOLD ACCURACY
Predicting AlphaFold
Atomic

(Stmmed Score)

NextDest Competitr
Distances

Adeep neural

network predicts

the spific distances
between every

solved the 50-year folding problem with

Free Modelling __Combined
(New Folds) " (Known & New Folds)

THE TECHNICAL ENGINE:

atomic accuracy.

w
o
<
=
I
a
®
o
=4
w
o
=
o
=)
o
o
«n
=
o
«
w

Evolution Searches genetic

Pattern databases to see

Mapping how amino acids
change together
over time.

Reframed structural biology as a
statistical learning problem on the

Protein Data Bank (PDB).

\— The building blocks of
proteins, represented as
a linear sequence.

THE FOUNDATION:
1D AMINO ACID SEQUENCE

https://doi.org/10.1038/s41586-019-1923-7

2021

AlphaFold2: Solving Biology’s
50-Year “Folding” Mystery

Proteins are the building blocks of life, but their functions are determined by their complex 3D shapes.
AlphaFold2 is a revolutionary Al system that uses deep learning to predict these structures with atomic
accuracy, turning a process that once took years of lab work into a task that takes mere minutes.

Biological Significance

3D Protein Model

Near-Atomic Precision
Predictions are accurate within
0.66 A—less than the width

of a single carbon atom.

Unlocking Protein Function
3D Structure — Knowing a protein's shape
Module , > allows scientists to understand
The Al assembles / 4 how it works and how to target
the final 3D model, ) diseases.

positioning every >

atom and providing

a confidence score.

Accelerating Global Research
AlphaFold2 can predict entire
“preteomes” (every protein in
a species) in a fraction of the
The Evoformer — 2 usual time.
“Brain”

48 neural network

" g —~n
relationships and [ / - -
evolutionary (- Accuracy Improvement
history to refine ——
the structure. 3

Accuracy Metric  AlphaFold2 Xt ¢

Backbone Accuracy
(Rrm:.d.95 oseh  28A

AU-Atom Accuracy
5.0.95) 15A 35A

Evolutionary & Genetic Inputs:

The system starts with a protein's amino
acid sequence and searches databases
for related "evolutionary cousins."

https://doi.ora/10.1038/s41586-021-03819-2

2024

AlphaFold 3: Mapping the Building Blocks of Life

Random
Atomic Noise

AlphaFold 3

Amino Acid
Sequences

INPUTS: SEQUENCES & SMILES

BIOLOGICAL SIGNIFICANCE:
WHY IT MATTERS

GENERATIVE
DIFFUSION
MODELING

Accelerating Drug
Discovery

4
AF3 predicts protein-ligand
interactions with far greater
accuracy than traditional
physics-based docking
software.

Precise 3D
Structure
Iteratively refines
random noise into
a precise 3D
structure.

Decoding Genetic
Machinery

PAIRFORMER

Models protein-DNA and
ARCHITECTURE i

protein-RNA complexes
Replaces complex with thousands of residues,
sequence processing revealing how cellular

with a simpler instructions are read.
module focused on
the relationship
between molecular

Improved Antibody
Modeling

Unified Molecular
Language: Treats
all chemical
entities—from ions
to proteins—within
one framework.

Demonstrates a marked
improvement in predicting
antibody-antigen
interactions, essential for
designing new vaccines.

AF3 ACCURACY vs. TRADITIONAL TOOLS

Protein-Ligand Interaction

AAF3 Accuracy: 76.4%

Protein-RNA Interaction
RoseTTAFold2NA: 19.0%

AF3 Accuracy: 39.4%

Protein-Protein Interaction

AF3 Accuracy: 76.6%

https://doi.ora/10.1038/s41586-024-07487-w



https://doi.org/10.1038/s41586-019-1923-7
https://doi.org/10.1038/s41586-021-03819-2
https://doi.org/10.1038/s41586-024-07487-w

| Impact: Collapsing R&D Timelines

AlphaFold enabled the mapping of the entire

human proteome in a single release.

8 Rapid Target ID.

8y Epitope Mapping.

8 Drug-Target Binding Site Analysis.

the
AlphaFold raised the question: Can we do
everything in silico?

THE ALPHAFOLD REVOLUTION:

24 WAYS Al IS TRANSFORMING THE PHARMACEUTICAL VALUE CHAIN

PHASE 1:
TARGET IDENTIFICATION
& VALIDATION

UNLOCKING THE
“UNDRUGGABLE” PROTEOME
NiphaFold provides reliable models for
mombrane proteins like GPERs and fon
channels, which are critical drug targets
but lradlilnnally difficult to crystahies.

STRUCTURAL ANNOTATION
OF THE "DARK PROTEOME"
Researchers can instantly screen
the structural landscape of proteins
‘with unknown functions to identify
nevel targets for rare diseases.

MAPPING DISEASE-ASSOCIATED

MISSENSE MUTATIONS
Visualization of how single
noclonfide pelymerphieme (SHPs)
alter 20 protein shoges helps
explote disease mechanisms and
drug hinding variances.

ELUCIDATING COMPLEX
PROTEIN-PROTEIN
INTERACTIONS (PPIs)
Using AlphaFold Mullimer to
model protein interfaces opens up
uhifting protein oetworks as
viable therapeutic targets.

RAPID STRUCTURAL
ELUCIDATION OF NOVEL
PATHOGENS

In pandemic scenarios, AlphaFold
generates viral or bactorial
proteeme m

seqoencing, hepasving mooths
of experimental triale.

PHASE 2: HIT GENERATION & LEAD DISCOVERY

ULTRA-LARGE-SCALE
VIRTUAL SCREENING
Conputefoool chemicis are Alyhlfuld
s fo macsive dioret
clysbucing he e and

ACCELERATING FRAGMENT-BASED
DRUG DISCOVERY (FBDD)
mln o e upp!: ot foruttont peshots that

jngchronas il com argotng stace
 targeting opportunities.

i PHASE 3: LEAD OPTIMIZATION

ENGINEERING llll'l
F-TARGI CITY

umm stios um(m mﬁm
ollos drogs
Sy, acningbork mupe sctaty.

ANTIGIPATING AND COUNTERING
DRUG RESISTANCE
NphaFnH xlmdnll edi nd Iulm mninhans

preactve eig of e dml S

PHASE 4: PRECLINICAL DEVELOPMENT & BIOLOGICS

DE NOVO ANTIBODY AND
NANDBODY DESIGN
Researchersdigldl desig

istor with high spcifs

DESIGNING SITE-SPECIFIC
CONJUCATION FOR “FIXED" DARs
AlphaFeid prototypse anglesered *handles" to

‘ ubor llrs s poces d o,
mmmzmg a cuilerni Drugda cibody Raiia

I]FTIMIZING BII]LI]GICS STABILITY

n-h-chnlﬁmhmundslmin
voerabis howsgiesers o Mmmulliens
that prevent agregation during manufactur

4

PREDICTING HLA-PEPTIDE BINDING
FOR CANCER VACCINTS

Modeling the intractes between meisted
oman applntes and  pelcols speifc RGA
prtoits opfhwices patsanclized vaacinspsyloads.

! PHASE 5 & 6: CLINICAL TRIALS & MANUFACTURING

PATIENT STRATIFICATION VIA
| STRUCTURAL GENOMICS

Mangimg a paieat’s specifc mutaion to de
stoctund action hlps proiié drug

| response and optimizes clinical fonl caherls.

MECHANISTIC BIOMARKER
DISCOVERY

ev’

AphaFid coobties shnlldm! prlalns or
clossage imgnienls that sarua as structural
prosies for drug offcasy.

TARGETED DESIGN OF PROTACs
AND PROTEIN DEGRADERS
AlphaFolt § models worhprotoin chemical

ACCELERATING FRAGMENT-BASED
DRUG DISCOVERY (FBDD)
The faot nupe suypis or ruaciot pochats that

i
hororys comlioni” o disonete the amlnpmnl only spen during rolaie monument, providing
consa

of huigeted pastats ngeadation thera

e

NATIONAL DESIGN OF
THERAPEUTIC PEPTIOES

AAND MACROCYCLES

AlphaFi prodicts how symboti poplidos fod
and biaD o targets,circulalicing the eldefon
fenaiare tha e el susoles and
bilogis.

3@

REFINING STRUCTURE-ACTIVITY
RELATIONSHIPS (SAR)

Wil provi 3 easvo pti e,
AlphaFold models are nfagrted with phas
based ande i Sramic 1o ety recns
binding alfviies.

MAPPING SOLVENT ACCESSIBILITY
FOR AOC DAR DISTRIBUTIONS
Acvioch a il structoree cio GEEA
oigedifons presitethe ok of
chemicaligals i drug balore mer

%

MODELING ADME/Tox ENZYMES

BIDCATAIVSIS AND ENZYME
ENGINEERING FOR
GREEN SVNTHI:SIS

g g ofbepe
leyatalyste cookles the ools, cho
and anelkimibe cpetiealsof camplex
cauld-matreeto drugs.

i with eno targaing oppotrites.

@%

TARGETING DNA AND

NACLSIC ACID COMPLEXES
AlphoFotd  allows forthe design of small
waliesis that ot fransriyeiefucfor
conpitns b praoling it s UNADAA
‘structures.

e-M

SIMULATING AGG LINKER-PAYLOAD

SPATIAL CONFORMATION

Strondists use AlphaFold 1o ensure chemical

Tnkrs o gk pyats to i
didy carfona, reventing

MULTIMODAL ML FOR DAR-
DEPENDENT PHARMACOKINETICS
2l ot reconsed mlh
ML medels to simuia i
configuratins efect

IMPACT VS. LIKELIHOOD MATRIX

(Quantiative Geruiary)
Impact Likelihood

Undruggable
wn @) | @ | @

Darb Prtoeme

Biologice |
Foamulative Stablty
Bisnaiisls for
Oram Snthesis |
AONEFIus JEXPATR)
Moteing




What is data anyway?

Understanding systems and the beauty of scale.



BACK TO SCHOOL

Geological, Meteorological, and Ecological Systems

Eal'th's Nested SYStemS: - s Vector of Characteristics
The Science of Scale

THE GLOBAL SCALE (TOP LAYER)
Represents massive systems like global climate, o N . /
tectonic shifts, and regional ecosystem health. G, | ’ ) > L Carbon Count:

THE LOCAL SCALE (MIDDLE LAYER) Voo (TR S< e " o

Focuses on individual forests, local weather - S ; = : d T"? Data EXPIOded_P'er. :

events, and specific animal populations. X R - > /) A single measurement is a “pixel”
s . in a larger map.

THE CHEMICAL SCALE (BOTTOM LAYER) 4
The foundation, including soil minerals, carbon H £ 2
molecules, and microscopic biological nutrients. e C ; TILED SNAPSHOTS OF TIME:
: A Zo We view the planet in "slices,"
comparing the same landscape
across years or decades.

SCALE
TRANSITIONS:

Small chemical ) [ 7 TYPICAL
changes take [ ; IE . ' S & > 2 SYSTEMSCALE | compoNENTS | OBSERVATION WINDOW

years to travel = ~ . ’ - 7 GLOBAL Climate, Tectonics | Decades to Millennia
th‘épvffg Iacnl?mazgzr ~ ; 3 p : ; REGIONAL | Forests, Weather | Months to Years
g ’ CHEMICAL  Minerals, Carbon | Seconds to Days

TO YEARS (BASELINE) T10 YEARS T25 YEARS TS50 YEARS

Datais the recorded observation
It isn't the system itself; it is simply a
recorded observation of the system's
state at a single coordinate.

"Scale" Means Different Rules
These layers don't just differ in size;
they operate on entirely different
rules and timelines.

Time is Tiled When Observed
We infer the dynamic health of the
planet by comparing these static,
cross-sectional slices.

Indifferent Scales

Scale transitions buffer upward and
larger scales tend to shape choice at
low scales = constrain.



| The Spatiotemporal Landscape of Systems Immunology

[ra— Tiled Patient Cross-Sections —
T, (Initial) gor Ty

THE ORGANISMAL LAYER (TOP)
Clinical Symptoms,
Electronic Health Records (EHR)

\
\
)

o1 2llgls @ HrT2 , 2lglo @ Hr:T2 L I El
J\l"? ‘.li S BP:120/69 JV"‘:"‘ ¢ .Il0 % BP:120/60 S f .gl 8 f::
AE MW sz TE B WNaz  FE N
f
n;l4|l.:4 Z ::" .:2
2 .z|4g 5 1 Fifle £, G
sHile THE EXPLODED PIXEL VECTOR

L M
c 2
‘s '.
CDks o
T-cell Q Alccrophage

. g S-vell
S-vell

A single data point “explodes” into
a high-resolution vector, linking
genomic to clinical.

y )
- 4 =
- °
s E k-
3 £ s

= —|w A -

THE CELLULAR LAYER (MIDDLE) e——
Cellular Behavior, Cyrometry
Subsets, Tissue Structures

Trell-Casart. 10001pL e
B-cell: 10% -
Tseee: 10% -~ -

lullm '. Ta
] is! 1
Ny b '
alzf"
G L GENOMIC PROTEOMIC CLINICAL
A Melecular Scale) (Molecular/Eellular Scale) (Organismal Scale)
[} (
THE MOLECULAR LAYER (BOTTOM) o——— Y\\ : "
DNA Sequences, Transcriptional States, S\ S1234562A > ®
Micro-scale Interactions e 7 90 o sssie
TC4 &\ TTT Sopaids '/"”I' ‘l . .
N iaca 5 ion- A — —
s AN} ¢ Pr:?eecr:-gynléo:w o] BIZ28020 IL-4 Concentration =
= = L aiad i e Data Example: Data Example: Data Example:

IL-4 Concentration Non Responder

r'oz

@ Datais some set of observations recorded from a space generated by a system.
® Observations are often subjective = All but the simplest of systems are subjectively described.



Practical Implications When Experimenting

Michael Faraday (1851)

MICHAEL FARADAY’S IRON FILINGS EXPERIMENT:

2 ) THETOOLS

, o PAPER or
1 THE PROBLEM i e

MAGNETIC FIELDS
ARE INVISIBLE!

IRON
FILINGS

How do we
see them?

L

P

L Jd

(3)) THE ACTION

SPRINKLING
FILINGS.

SPRINKLING
FILINGS.

4 THE REVELATION

GENTLE TAPPING
& FORMING THE
PATTERN.

Classic Pattern
Arises

THE RESULT

®1 Thisis data, but how do you record (encode) it?

; VISUALIZING MAGNETIC FIELDS - £) /)

5 ) THE RESULT

THE PATTERN REVEALS
“LINES OF FORCE".

MAGNETIC HIGH
FIELD LINES >~ INTENSITY

MAGNETIC
NORTH &

y. A bridge betw
patterns and invisibl

®2 Observing the phenomena changes it, creates a system.



ML vs. Generative Al

A change from Classifying & Predicting to Constructing Equivalents



| Predictive ML: The Discriminative Filter

) 4

The “Filter” Role

Traditional ML acts as a filter on

existing space. It finds the

boundary between known states.

~

Decision Mapping

Models learn the mapping Y = f(X),

whereY is a clinical outcome or

label.

&

R&D Use Case

Virtual screening of compound
libraries to filter for potency or

ADMET safety.




| The Decision Boundary Concept

= Goal: Maximizing the margin between biological classes (e.g., Healthy vs. Inflamed).
= Requires "Labelled" data: We must know the ground truth before training.

= Highly efficient for narrow tasks but lacks "creative" capacity.



| Feature Engineering in Systems Omics

In traditional ML, humans must decide which biomarkers to

measure (e.g.,, GZMA, PRF1).

This "Hand-Crafting" of features limits discovery to our current

biological knowledge.

New Concepts / Proxies

- Pooling Baseline Predictors Tsanget al.. 2014 https://doi.org/10.1016/j.cell.2014.03.031
- Blood Transcription Modules Li et al.. 2014 https://doi.org/10.1038/ni.2789

- Immune Setpoint Ramos 2025 https://doi.org/10.1128/msphere.00502-24
Deconvoluting Pooled Signals

- Tissue — Cell Deconvolution Yuetal., 2019 ttps:/doi.org/10.1016/i.caish.2019.03.003
Using Latent Spaces

- Multi-omic biomarkers Rohart et al. 2017; Singh et al.. 2019
https://doi.org/10.1093/bicinformatics/bty1054; Sanches et al., 2024 https://doi.org/10.3390/biology13110848;

evolution of methods

Latent Space Integration
(DIABLO)

Projects heterogeneous omics
data into common, smaller
dimensional subspaces to identify
correlated biomarkers.

Deconvoluting

Cellular

Heterogeneity

Linear regression

algorithms identify

specific cell proportions S

within mixed, e e

heterogeneous bulk Identifying
NetBID identifies
regulatory drivers
altered by post-
translational modif-
fiuations rather than
mRNA expression

bundance,

New Concept Proxies (BTMs)
Blood Transcription Modules (BTMs)
act as high-level provies for molecular
networks orchestrating immunity.

tissue samples. “Hidden Drivers”

¥ The Hierarchy of Feature Engineering in Systems Immunology

Dimension Reduction & Covariance

SGCCA maximizes covariance

between linear combinations of

variables across different Supervised

molecular compartments. Multi-Block Modeling
Simultaneously identifies
key mRNA, protein, and
metabolite variables to
y explain specific
Variables \ phenotypic groups.

Context-Specific
Interactomes
Reverse-engineering
(SJARACNE) extracts
signaling networks
specific to

biological contexts,
such as Dendritic Cell
functions.

FEATURE ENGINEERING FRAMEWORKS COMPARISON
Framework Integration Level Primary Objective
Single-Omic Biological context
BTMs (Blood) proxies
Multi-tier Uncovering hidden
NetBiD (Network) regulatory drivers
Multi-Omic Discriminant analysis
(Latent) across omics layers

Master Network Integration
Integration of 30,000+ transcriptomes
creates a "master network” of 17,397
genes for predictive modeling.

Immune Setpoint Stability
Baseline cell populations define temporally
stable individual differences that predict
post-vaccination antibody responses.



https://doi.org/10.1016/j.cell.2014.03.031
https://doi.org/10.1038/ni.2789
https://doi.org/10.1128/msphere.00502-24
https://doi.org/10.1016/j.coisb.2019.03.003
https://doi.org/10.1093/bioinformatics/bty1054
https://doi.org/10.1093/bioinformatics/bty1054
https://doi.org/10.3390/biology13110848

2016: Patient Stratification Milestones

Genomic and transcriptomic features of response to anti-PD-1 therapy in metastatic melanoma.
— Hugo, W., et al. (2016)

IPRES Showed that

discriminative gene
- ¥ signatures could

2002-2004: The Modern Era @ B _ predict which patients

The Foundations of Immunotherapy

in Breast Cancer L op .
failimmunotherapy.

The Evolution of Oncology Gene Signatures:
From Prognosis to Immunotherapy

Unlike early signatures, IPRES
defines a resistant
transcriptomic subset across
multiple advanced cancer
types.

First major signature using DNA
microarrays to predict the risk of
distant metastasis in breast cancer. § A 26-gene transcriptomic signature
A validated RT-PCR assay identifying tumors innately : N . . "
quantifying recurrence likelihood for resistant to anti-PD-1 checkpoint Resistance is driven by genes involving
tamoxifen-treated, node-negative, blockade therapy. mesenchymal transition, angiogenesis,
ER-positive breast cancer. and wound healing processes.

A\ NotebookLh

https://doi.ora/10.1038/415530a https://doi.ora/10.1056/NEJM0a041588 https://doi.org/10.1038/s41586-021-03819-2



https://doi.org/10.1038/415530a
https://doi.org/10.1056/NEJMoa041588
https://doi.org/10.1038/s41586-021-03819-2

CASE STUDIES

The Data Drift Problem

INFECTIOUS DISEASE
o Of Immune-Prognostic Al
Models Carried a High Risk of
O Bias and Failed to Generalize

IN GENERAL | Machine learning algorithms tracking complex immune
profiles—such as lymphocyte counts, C-reactive protein (CRP), and
cytokine changes—frequently suffer from acute dataset shift. Because
immune responses are highly dynamic and heterogeneous across
different patient demographics, models trained in a single clinical
environment regularly collapse when exposed to external real-world

settings.
https://doi.org/10.1136/bmj.m1328

IMMUNOTHERAPY

A supervised deep-learning pipeline was developed to
predict immunotherapy response using tumor-immune
features from histologic images. While the model achieved
a strong AUC of 0.75 within its US development cohort, its
accuracy fell sharply to an AUC of 0.66 when deployed on
an independent European validation cohort (Rakaee et al.,
2025). This drop demonstrates the hidden vulnerability of

clinical Al to international dataset shift.
https://doi.org/10.1001/jamaoncol.2024.5356

SEPSIS

EPIC’s sepsis model was independently validated across
multiple health systems and suffered an absolute
performance drop of .1 AUC, or 13.7% (AUC fell from 0.76
to 0.63). This real-world decline led to severe alert fatigue,
false positives, with only 7% performance gain over

humans.
https://doi.org/10.1001/jamainternmed.2021.2626



https://doi.org/10.1001/jamainternmed.2021.2626
https://doi.org/10.1001/jamaoncol.2024.5356
https://doi.org/10.1136/bmj.m1328

| The Limitations of ‘Static’ ML

A Fragility: Fails when clinical cohorts or sequencing platforms change.
A No Synthesis: Cannot create a *new™* drug; only screens *existing* ones.

A Hallucination of Correlation: Prone to finding "lucky" signatures in small cohorts.



Generative Al: Synthesizing Space

Moving from Filters to Creators



| Learning the Joint Distribution

The Generative Principle

Generative Al learns how the data is generated by
approximating the distributions. With two
multi-omic inputs it is a joint-distribution P (X, Y).

Biological Grammar

By modeling the underlying structure, it can
synthesize entirely new data points that are
statistically plausible and biologically relevant.

f Take home: We don’t typically care about how a system
generates the data, only that the space we approximate to

generate the datais correct.
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| synthetic Biology & De Novo Design

Heavg Chain — V

ﬂ

A

®

£ IS

OO
®

Antibody Design

LigH‘ Chain

Sequence optimization

Affinity

Stability

Generating new heavy-chain

sequences optimized for binding.

ABSORPTION

:

b | |alal
=
2N

ooy) 5-8

Lead Gen

Synthesizing new small molecules

with specific ADMET profiles.

0
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(COMPUTATIONAL
ALGORITHMS

/
ISOMI
SMALL MOLECULE
: % =
GENETIC EDITS .._n_l
COMPUTATIONAL
@ INSILICO  ALGORITHMS

SIMULATION
DRUG COMPOUNDS ENGINE
& SELECTED

Simulation

Generating "Virtual Cells" to test

perturbations in-silico.




| The In-Silico Lab of the Future

Digital Wet Labs

Running millions of virtual drug-receptor binding
experiments per hour.

Synthetic Cohorts
Generating high-fidelity synthetic patient data for rare
disease modeling where N is low.

o B BE)
1788 R\ / Py,
s oo "
oEl
1 500 000+ » ;‘ /* ’/" Integratad ‘
:J | @ Expenments/Hour disease
s LOETIE | o | (e |
High-Performance ‘ / Virtual Screening : .
Clgmpuﬂng (HPC) @ Predictions: ; Hglg&-fgg::eltly at‘l:::‘t::' Sg::meot}nlc Synthetic Patient glriglnal g:::
i i Optimized Lea N sease
o '():ompounds real distribution  (Large N) Erofiies (Carge 1) (Small N)
‘ i P 00| toe oo Accelerated 4
Faster & Mot B ® 4 ﬁ Target Validation =[5
Precise Outcomes ‘ —
Optimized Wet Efficient Chmcal Personalized Trials Faster to
Lab Testing Trial Design for Rare Diseases Patients




| Impact: From Filter to Creator

RFdiffusion is a breakthrough generative Al model that designs new protein structures from scratch by repurposing
denoising logic to create custom proteins for medicine and science, from virus binders to industrial catalysts.

FROM CHAOS TO ORDER: THE DENOISING PROCESS

° ° )
Red u Ct I o n I n Starting from Gaussian Noise
The Al begins with a cloud of random
coordinates and orientations
Wet - L a b representing a “blank slate."
° ° ° @ ) K ‘I < ‘ N N\
O pt I m I Z a t I 0 n ( ) y W) Iterative Structure Refinement
L S Over 200 steps, the model predicts
¥ oy /i ) ) and "denoises" the structure into
RO u n d s ) S a realistic protein fold.

Generative models produce "correct-by-construction" - : | Self onaitioning Logic

The Al uses its previous prediction
to guide the next step, ensuring

candidates, bypassing the massive screening failures of the past. ) Pt =t the inal proten s stabl.

NOTE Hallucinations are a feature! See Frank et al., 2023

bioRxiv who demonstrated similar performance to RFDiffussion
https://doi.org/10.1101/2023.02.24.529906

Custom Virus Binders Symmetric Nano-Architectures Functional Motif Scaffolding
RFdiffusion can design "proteic locks" that bind The model creates complex, repeating structures It builds a sturdy protein frame around a
to specific sites on pathogens like influenza. like "cages" for advanced drug delivery systems. J specific "active site" to create new enzymes. )

PERFORMANCE COMPARISON: PREVIOUS METHODS VS. RFDIFFUSION

N = o Previous Methods (Hallucination) RFdiffusion
f Take home: Fundamental rules of protein folding do not matter. b5 ¥irrs (O e i
~100 Amino Acids G L;T;;’? Max Prote‘in Length (" [ \ 600+ Amino Acids
S, e ———— |
@ Question: Does the model encode the system - canwe Study it? Repidly declines with size :| \M SucceTs Rate |0l | | High consistency across sizes

https://doi.ora/10.1038/s41586-023-06415-8



https://doi.org/10.1101/2023.02.24.529906
https://doi.org/10.1038/s41586-023-06415-8

Foundational vs. General-Purpose Al

(A) Levels of Scale in Biological Intelligence

(B) Pragmatic Use



| What are Biological Foundation Models?

(«

{«

{«

(

Massive neural networks pre-trained on the "Raw
Languages" of life.

Trained on millions of protein sequences (Uniprot)
or single-cells (CellIXGene).

May capture the underlying "Grammar" of
biological state-spaces.

Does not, necessarily, understand the true system
underlying the observations it was trained on.

Biological foundation models are artificial intelligence systems trained
on massive amounts of unannotated biological data using
self-supervised learning. Much like Large Language Models (LLMs) like
GPT-4 are trained on massive corpuses of human text to learn the rules
of grammar and reasoning, biological foundation models learn the
"languages of life"—the complex rules governing DNA, proteins, cells,
and tissues.

Once pre-trained on these foundational rules, these models can be
fine-tuned or prompted to perform a wide variety of downstream tasks,
such as predicting the structure of a novel protein, identifying a
disease-causing mutation, or designing entirely new drugs.

Because biology operates at multiple scales, these models are
categorized by the specific data modalities they are trained on.



| The Self-Supervised Learning Advantage

BIOLOGICAL FOUNDATION MODEL MASKING:
SEQUENTIAL PREDICTION

STEP 1: FULL SEQUENCE

(Amino Acids or Genes)

G= ESVENESIEHEKED =N - E

BIOLOGICAL FOUNDATION MODELS:
UNLABELED DATA INTAKE & PRE-TRAINING

STEP 2: MASKING
A MODEL HIDES PART OF THE SEQUENCE

G-L-V-Y-{2|-H-K-D-N-E

STEP 1: RAW UNLABELED DATA (MASSIVE DATASET)

GV GEIEV Y
M-S-T-P-A... \ / M-S-T-P-A...
ATTCGG... \ f G-L-V-Y-A...
TS e ——— == e

(No expensive clinical ground truth or laboratory labels required to start)

BIOLOGICAL EMERGENCE -  ~
IN FOUNDATION MODELS -

STEP 3: PREDICTION
THE MODEL PREDICTS THE MISSING ELEMENT

G-L-V-Y-[I}-H-K-D-N-E
> G-L-V-Y-{I)-H-K-D-NE

FOUNDATION
MODEL
(Transformer)

STEP 2: PRE-TRAINING (SELF—SlﬁERVISED LEARNING)
\

MODEL LEARNS | FOUNDATION

__ (Transformer foundation
UNIVERSAL PATTERNS (Trx(s)f[;lrzrl;\er) model like is pre-trained by

/ T l‘ll, T \predicting data on itself)

SES— L B WO,

OO Masking

Model hides part of a sequence and
predicts the missing amino

acid/gene.

STEP 3: GENERALIZED BIOLOGICAL UNDERSTANDING |

PROTEIN STRUCTURE FUNCTIONAL MOTIFS GENE INTERACTIONS
%\ﬂﬁ ALGEV-Y-M. - n@
————
OO No Labels

Uses raw, unlabeled data. No need
for expensive clinical ground-truth

to start.

EMERGENT FEATURES (SPONTANEOUSLY IDENTIFIED)
EMERGENT PROTEIN FOLDING EMERGENT PATHWAY MAPS

.G-L-V{Y}-I-K-E...

Promoter 1 —> Gene X
Enhancer A —> Gene Y
Suppressor B—1 Gene Z
Enhancer C — Gene T
Enhancer X —> Gene Z

Spontaneous recognition of complex | Regulatory and suppressor elements ‘
23D folding motifs from simple spontaneously combine into .
9 sequence patterns. intricate pathway maps.  ¢/7

‘. Emergence

Models spontaneously learn
functional protein structures and

cellular pathways.




The Potential of Unlabeled Data

Foundation models thrive on the massive repositories of ProtTrans: Decoding the Language of Life with Al

Predicting 3D Structures Mapping Cellular Locations Massive Speed Advantage
data we have generated over the last 30 years. . . S T e i
> Methods
Hours Minutes
ProtTrans identifies how proteins The Al determines where a Al produces results in minutes
fold into shapes (secondary protein belongs in a cell that traditionally took hours of
structure) with up to 87% accuracy with 81% precision expensive database searching
o L3
Available Protein
+ Sequences to ~
Learn From PHASE 2
FROM RAW CODE

TO BIOLOGICAL

INSIGHT

H Proteins as Sentences Self-Supervised Learning The Largest Library of Life
eviewe
= = i < > BFD (Big Fontastic Database)
‘ < > | " | |393Billion
: L A \I ~ ) A % = Summit (5,616 GPUs)

UniRef100 | 88 Billion
TPU Pod v3 (1,024 Cores)

0 i i \ < UniRef50 | 14 Billion
https://www.uniprot.org/uniprotkb Al treats 20 basic amino acids like Model leams by predicting hidden = 2 TPU Pod v2/v3
words to understand biological context "words" in sequences without needing (256-512 Cores)
human labels

https://doi.org/10.1109/tpami.2021.3095381
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| scaling Laws & ‘Intelligence’ # Guarantee Success

100

https://doi.orag/10.1101/2023.07.05.547496

Parameters in Top Performance scales predictably with

Protein Foundation compute and data, making Al a
Models reliable "R&D Infrastructure"

investment, for sequence based data.

Parameters in Top Performance bottlenecks with

Cellular Foundation compute and data, meaning we can’t

Model just throw more compute at the
odels problem.

https://doi.org/10.1038/s41467-026-69102-y
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https://doi.org/10.1038/s41467-026-69102-y

How we record & operate on data matters

Recall |

=7
Michael Faraday (1851)

Iron filings showed
the phenomenon but
neither proved nor
described the field.

SSYSTEMS IMMUNOLOGY

~



| Issues in single-cell Foundational Models

Biology-driven insights into the power

of single-cell foundation models

—Wu J, etal. (2025)

A study of six single-cell foundation models. scFMs are robust
and versatile tools for diverse applications. But simpler machine
learning models are more efficiently at adapting to specific

datasets, particularly under resource constraints.

The Blueprint of Cellular Intelligence:
Navigating Single-Cell Foundation Models (scFMs)

THE TECHNICAL BRIDGE:
HOW Al UNDERSTANDS LIFE

Single-Cell Foundation Model (scFM)

=7 " assIVE -
( DATASETS )

Tissues
(
Cells
Al trained on massive datasets to learn universal
biological knowledge across different tissues.
The Power of ‘Zero-Shot’ Embeddings

0
D ¢ New unlabeled
dataset

= 7. ;.
Immediate Analysis
(No Specific Retraving Needed)

Models can analyze new, unseen datasets immediately
without needing specific task-based retraining.

Complexity vs. Efficiency

Efficiency
(Specific Tasks)

While Al models are versatile, simpler machine
learning can be more efficient for specific,
resource-constrained tasks.

Comparison of leading scFMs
evaluated in the research study Cell

Model Name

UCE

scFoundation

BIOLOGICAL SIGNIFICANCE:
FROM DATA TO CURES

Precision Cancer Identification

TRANE%MATION HEALTHY CELLS MALIGNANT CELLS

(Across Cancer Types)

These models distinguish healthy cells from malignant
ones across diverse cancer types and tissues.

Predicting Drug Sensitivity

Specific

~ Responsive
(Predicting Response)

Researchers use scFMs to predict how individual
tumor cells will respond to specific treatments.

Capturing Deep Biological Relationships

Tumor
Cell

Primary Strength Ideal Use Case

Data integration

i7ati ne
Generalization anotaion Cell

(©) stem
=) cell

Cancer (@)
Tumor Cell Stem Cell

identification & Stem Cell
=% drug response

= Resource- New metrics prove scFMs encode expert-level
{ ) limited knowledge about how different cell types
== settings relate.

https://doi.org/10.1186/s13059-025-03781-6
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| serial vs Parallel Computation

VEO 3.1 MP4 = 30 min ; 4 iterations ; Inability to adjust

Foundation models provide near-instant results at extreme
infrastructure costs. Their flexibility varies within their
domains but other, more traditional, methods are required
to maximise flexibility at reduced cost until they (A)
produce enough consistent data to train foundation models
and (B) scales-of-efficiency justify the investment.

Gemini Code Simulation = 10 min ; 1 iteration ; 4 adjustments

CPU (Central Processing Unit)
% s . \

ALU-01: IDLE
Clock Cycle: 9
Target Pixel: X: 8, Y: @

METRICS PANEL

9 / 144
Cc °
Th: 22 px/s

The Metaphor: ACPU is like a massive, highly-trained sniper. It can solve
incredibly complex math and branch logic sequentially, but must paint the

scene one pixel at a time.

Complex math, Branching No paraliel rasterization

MASTER ENGINE RESOLUTION

GRID © ENGINE  1.0x

CLOCK  Speed

L& 12x12(144 cores/py’ =3

M 2

GPU (Graphics Processing Unit) .
B Parallel Throughput

Mode

CORE GRID STATUS
ALU Cores: © / 256 Active (PAUSED)

Batch Engine: Parallel Vector
Target Coordinates: ALL SIMULTANEOUS

METRICS PANEL

Batch Paint 114 / 144
3¢ F e
Throughput 82 px/s

The Metaphor: A GPU is a massive army of painters, each holding their own
paintball gun aimed at exactly one pixel. They shoot in perfect unison to paint
entire frames instantly.

Strengths Bottleneck
Massive parallel vector math Poor single-thread performance

@ Live Throughput Factor

Based on active paint rate a eted protein
CPU TRAVERSAL ctur
STRATEGY
THROUGHPUT
Sequential Raster Sv GAIN HIGHLY PARALLELIZABLE ¢
3.7x Faster =



| General-Purpose LLMs (Gemini, Claude)

Experts in Human Knowledge and Code. .
R & Important Role: The Assistant

@@ Excellent logical reasoning and planning. They act as the "Cognitive Orchestrator" that writes the

@@ Fluentinthe scientific literature code to analyze your biological data.




| LLMs as Cognitive Orchestrators

Q >_ =

Synthesis Coding Planning

Summarizing thousands of Writing robust Python/R scripts Designing multi-step R&D

PubMed papers in seconds. for complex omics analysis. workflows and experiments.




The Languages of Life

DNA, RNA, and Proteins as Tokens



| Tiers of Biological Foundation Models = Architectures

Modality

Data Type / Representation

Application

Genomics

Nucleotide sequences (A, T, C, G)

|dentifying disease mutations

Proteomics

Amino acid strings / 3D coordinates

Structural prediction & binder design

Transcriptomics

Gene expression matrices

Predicting drug effects on cells

Cheminformatics

SMILES strings / Molecular graphs

De novo small molecule drug discovery

Pathology

Histology slides / Gigapixel images

Oncology diagnosis & prognosis




| Commonailities & Disparities by Data Type

" SHARED ’\“pRE-J .
commonaLies (@) traiNiNG

.

=3

BIOLOGICAL DATA

Ef GENOMICS -
p ¢ - (DNA) _ _* .

_

] MASSIVE UNANNOTATED S=£3

o=~ =
D=\.° V)
e - Ly

(557 ATTENTION MECHANISM
e (TRANSFORMER BACKBONE)

T
<

\ &% DOWNSTREAM FINE-TUNING /&

e
- ———

FOR SPECIFIC TASKS

DO

" PROTEOMICS '} TRANSCRIPTOMICS -t cnemmonmm%'
- (PROTEINS) - (SINGLE-CELL) =} (SMALL MOLECULES) ~ (TISSUE IMAGES)

" PATHOLOGY

5 S )
DATA TYPE % I ?é) §§? I @ |J><{¥ © I lt:':",'
& KEY IDEA DNA Sequences Folded Protein Chain Cell state: Small Molecules Tissue Images
(sequence-to-sequence) | ands 3D folding Structure | (Permutation-Invariant Set) | (Molecule graphs and charts) | (Histology slide patches)
STRUCTURE Captures long-range Amino Acid Chains & Gene Expression Profile | Non-linear Molecular Graph| 2D Grid of Pixels and
& GEOMETRY dependencies. 3D Folding Structure | (Permutation-invariant Set) (Nodes & Edges) Spatial Relations
TOKENIZATION | 1D Linear Nucleotide 1D Sequence-to-3D Bag-of-Genes, Non-linear Molecular Graph| 2D Grid of Pixels and
METHOD Sequence Folding Map Non-sequential Set (Nodes & Edges) Spatial Relations

KEY DISPARITY Amino Acid Gene Tokenization Nodes and Edges .

(non-sequential?) K-mer-based Processors Tokenization (Set-of-Genes Processors) Tokenization Spatial Patch Tokens
ATTENTION | Retains 1D Sequential Order. | Implicit 3D Folding Context. | Set-of-Genes Bag Attention. | Graph & Geometric Attention. | 5 snatial Patch Attention
MECHANISM | Long-range sequence | p; Permutation-invariant Graph and geometric e

DIFFERENCES attention. plaset [} Qoo loak attention. l:elationgships. (Local vs Global)
MODALITY- {1, DNA-Specific Protein (=)= Single-Cell Graph Neural Vision

SPECIFIC Transformers Language = ,‘T‘,E. = Networks E; Transformers
ARCHITECTURES Protein Language Models ! iTs)
(1D Sequence MOdeI) (Sequence-to-St?uctugre Prediction) Set-Based Models W (GNNS) (\hTS)




| Learning Single-Cell State Spaces

ON B2 R
‘+ +O Gt /7@ '
(.

IN- SILICO CONTROL CELL VIRTUAL KNOCKOUT PREDICTED FATE
KNOCKOUTS

|
\,\\ covpUTATIONAL @ In-silico knockouts: Predicting cell fate without the pipetting.

@ Discovery of rare cell populations driving autoimmune flare-ups.

@ A "Universal Map" of gene regulatory networks.

POPULATION

il @ é‘@ @k} /:o;(@ IDENTIFIED




| 2024: scGPT & Omics Integration

PREDICTING THE “UNSEEN":

\  Predicts how a cell will react to

' novel genetic changes, accelerating
drug discovery.

! Transformer . i
[ | 4 = = SUPERIOR ACCURACY: In identifying cell types ,
SC O Wa r a , ( = 4 W (e.g., healthy vs. Multiple Sclerosis cells), R
C AU [ 3 scGPT consistently hits ~85% accuracy, . -

outperforming specialized models.

SCALING EFFECT: Research shows

it gets at uncovering hidden

N the more data scGPT sees, the smarter
[ ‘ ‘ ‘ ‘ gene networks and pathways.

foundation model for

GENES AS “WORDS":
MASSIVE KNOWLEDGE i . UNIQUE NON-SEQUENTIAL
BASE: P e Treats genes like words; =
ASE: Pretrained on learns which genes LEARNING: Unlike

over 33 million human appear together to human language,

\ cells across 51 different understand cell identity. gene order doesn’t
organs to capture total matter. Uses a custom

o ° [ i) t ur
S’ n Ie _CeII b ’ O IO | ) : cellular diversity. “attention ma§k" to learn scGPT = ey
a [ |\ gene relationships (Generalist; 33M cells) s
| A\ regardless of their [

sequence. SCBERT
\ (Transformer-based)

— Cui, H., et al. (2024) | —

Standardizes batch correction and cell-type hitps//doi.ora/10.1038/541592-024-02201-0

~0.75 - 0.80

| ~0.70 - 0.78

annotation across diverse datasets. . .
Batch Correction & Multimodal Maps

= Integrates transcriptomics with ATAC-seq and protein data.

o = Solves the batch-effect problem that has plagued R&D for decades.

= Enables cross-species mapping from mouse to human with high fidelity.


https://doi.org/10.1038/s41592-024-02201-0

EVA: The Universal
Immune Model

A specialized foundation model specifically for systems

immunology and inflammation.
Harmonizes clinical pathology with single-cell dynamics to

predict organ-level immune response.

A Universal Al Brain for the Immune System

EJ% The Technical Foundation: " Biological Significance: /5o
3° How EVA Learns =" Impact on Medicine ,
Multimodal Cross-Species 440 Million Precision Predicting Mapping
“Twin” Learning  Language Translation Parameter Scale Drug Discovery Patient Outcomes  “Immune Concepts”

--------- Yo
) O O ﬁ( Inflammation \‘J’J
7 o T-cell
) @ Tolerance Tolerance
sJU Regulation &
CTN@ @uTY T
RNA Histolo
o Endotypes /) k\

(Genetic Signals) (Tissue Images) EVA Scale

Performance

EVA combines genetic The model aligns human Performance improves EVA predicts gene The model identifies It identifies shared
signals (RNA) and tissue and mouse genes, predictably with size, functions and target “endotypes” to predict biological programs
images (Histology) intoa  allowing lab findingsto  following “scaling laws” efficacy without needing  how specific patients will  across different species,

single patient representation. translate to human cures. with no signs of plateauing. | specific task-based training. respond to treatments.  technologies, and tissues.

EVA Outperforms Others in Key Drug Development Tasks

EVA " 0.693 ] 0.693
SCGPT 0.539 | 0.539
Baseline 0.570 | 0.570

Zero-shot |
Perturbation

EVA ) 0.736
ScGPT 0.581 ) 0.581

Baseline 0.604 | 0.604

Treatment
Outcome

kA " o7ss
SCGPT e, o706
Baseline | 0.762
https://doi.org/10.48550/arXiv.2602.10168

Endotype
Stratification



https://doi.org/10.48550/arXiv.2602.10168

Remember Attention? It’s a Problem

Context is indeed everything



| Where it all began

Output
Probabilities

Add & Norm

Feed

o Il Attention is all you need

Add & Norm

Multi-Head

ntion — Vaswani, A., et a’. (201 7)

[ Add & Norm | g 0 o . .
e Replaced slow sequential processing with a parallelizable self-attention
Attention

Add & Norm

Attention

— — mechanism that enabled models to scale efficiently across massive datasets,

Positional

encoding QO Al Esigﬁi'}zl creating the architectural blueprint for all modern foundational models.

Input Output
Embedding Embedding

Inputs Outputs
(shifted right)

Figure 1: The Transformer - model architecture.

https://doi.ora/10.48550/arXiv.1706.03762
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| Attention, Context, a

Designed how the attention mechanism in Al models forces
into localized, suboptimal search spaces based on context.

) The Blindspot: Because the attention mechanism
over-indexes on the provided context, the model
becomes mathematically incapable of ‘seeing’ the
correct answers outside the semantic gravity

well. The search space has collapsed.

Bright peaks represent
highly accurate clusters of
objective facts and logic

-=—=="p Next Token

| Generation
Pre-trained Latent Space The Attention Mechanism / The Constrained Search Space
(The Universe of Possibilities) Softmax Filtering (Path Dependency)
Before a prompt is entered, the model Context forces the model to calculate the relevance of
possesses an open, unconstrained probability every token against every other token. This heavily warps

distribution across its entire training dataset. the probability landscape, creating a localized gravity well.



Agentic Al: The Connecting Bridge

Autonomous Reasoners in the Lab

aka. The answer to “Should | use traditional ML, Foundational, or General Purpose Al”?



| solving the Hallucination Bottleneck

© Problem: LLMs can "invent" non-existent protein-protein interactions.
© Solution: Agents use "Grounded Search" to verify facts.

© Agentic Workflow: Plan -> Execute -> Verify -> Correct.



| The Agentic Tool-Use Architecture

€ Think of MCP as the USB-C Port for Your Al!

ONE STANDARD PLUG 4 &‘m CONNECTS AI TO EVERVTHING [
. . e (1

2 Before vs. After

Makes Al tools and data "just work” together.

THE CHAOS: BEFORE MCP THE ORDER: WITH MCP
(The N x M Nightmare) (The N + M Solution)
Custom, Messy Connections Standard, Plug-and-Play
i 49, KNOWLEDGE
iy @ "8

SINGLE

s A} )
TOOMANY  HARDT CONNECTION @
CUSTOM LINES ~ SCALE JIRA

ELTTIATHICD (simple Terms)

L1 LCONNECT

Al CLIENT
(Al App/Head)

Single standardized

Tool tells Al,
"Here's what

P oiscover)

Tool tells Al, "Here's
what | can do!”

Dynamically shares its
functions & data.

r
cap

L3 JUSE I

Al understands, uses
tool or reads data

Al brain executes actions or
reads information seamlessly.

MCP SERVER
(DATA/TOOLS)

bilities.

(4] WORK TOGETHER

Tocl can even
ask Al for help

(referencing sampling)

Collaborative, complex
problem-solving.

WHAT: Agents connect to
validated tools: BLAST, Ensembl,
UniProt, Python libraries, and

Foundational Models.

ENABLES: They act as the
"Agent-in-the-Loop" for
high-throughput screening and

clinical stratification.



2022: The ReAct Framework

ReAct: Synergizing reasoning

and acting in language models.

— Yao, S., et al. (2022)

Established the pattern of using an LLM to generate

"thoughts" that drive external "actions."

The Human Inspiration:
“Inner Speech”

” | lack salt

. =
Illuse  {
soy sauce ([

djusting plan

Mimicking the
Human Mind

ReACT is based on the
biological concept of

“inner speech” used for
self-regulation and planning.

The “Cooking”
Analogy
Like a chef reasoning
“I lack salt, so I'll use
soy sauce,” ReACT
adjusts plans.

“observation” to refine its

Unique Qualities &
Superior Performance
r‘}:\; @S P

o @

GENERATE _ Py
THOUGHT (@Y =~ \\
Al generates a ;
reasoning “thought” i
based on context.

Ending Al “Hallucinations”

By fact-checking via a Wikipedia
API, ReACT stays grounded in
The ReACT reality and avoids lying.
Loop:
The Thought-Action lea.nsparen.t
Loop \ Decision Making
PERFORM O ITHouGHT:Headcoel |-

ACTION [ACTION: Search Wikipedial
OBSERVE & : Al el):jecutgs a( @> [OBSERVATION: Fo]una into]
UPDATE real-world action (e.g., DECISION: Answer]
searches online). ( = —
Al integrates the new ) —

W,

r Because it writes down its
understanding. thoughts, humans can see
exactly why the Al acted.

Massive Success Rate Boosts

Previous Al Success

ReACT Success
(+34% IMPROVEMENT)

[L ALFWorld

(Text Games)

REAL-WORLD Previous Al Success
INFORMATION

(e.g, Wikipedia AP) WebShop ‘

ReACT Success
(Online Shopping)

(+10% IMPROVEMENT) )

https://doi.org/10.48550/arXiv.2210.03629
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| self-Correction in Data Analysis

) Agents can catch their own coding errors and fix them in real-time.
) They evaluate the "Biological Plausibility" of their results.

) Reduces the burden on bioinformatics staff by 80%.



| Autonomous R&D Teams

"5 5 : 4
a®rn
i3 R/
Team of Agents Consensus Acceleration
Assigning specialized roles: Agents cross-verify each other to Parallelized discovery pipelines
Literature Agent, Coding Agent, eliminate individual hallucinations. that run 24/7 without human

Clinician Agent. fatigue.




| 2023: Coscientists & Harnesses

I .
Autonomous chemical research

with large language models.

— Boiko, D. A., et al. (2023)

Showed that Al agents can autonomously design, plan,
and execute chemical research workflows. Called it a
“Coscientist” presenting a ‘harness’ to control and
enable several instances of different agents directed

toward specific tasks over long running periods.

Coscientist: The Al That Masters the Laboratory

f K N\
(&)

The Planner Hub

A GPT-4 "brain” receives simple
text prompts like “perform a
Suzuki reaction.”

Autonomous Toolkit

The Al searches the internet
for procedures and reads
hardware manuals to learn.

Physical Execution

Coscientist writes Python code
to control robotic liquid handlers
and cloud laboratories.

Unique Qualities and Global Impact

Self-Correcting Mastery
When code fails, the Al consults

documentation and automatically
fixes its own errors.

Advanced Chemical Reasoning

It justifies reagent choices based on
concepts like reactivity, selectivity,
and electronic properties.

Accelerated Discovery

Speeds up the development of
life-saving medicines by optimizing
chemical yields automatically.

Performance Comparison: Synthesis of Common Pharmaceutical Compounds
Compound Standard GPT-4 Performance
High (400-500)

Failed (400-500)

Coscientist (Search-Enabled)
Aspirin

Perfect (400-500)
Ibuprofen

Passing (400-500)
Perfect (400-500)

Nitroaniline

Moderate (400-500)

https://doi.ora/10.1038/s41586-023-06792-0
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The Pipeline

The application of Al to Drug Development



Pharma Economics vs. Hype-onomics

Te arma R&D Evolution: From Financial Barriers to the Al-Enabled Pipeline

The 2010 Economic Reality (Historical Baseline)

The $1.8 Billion Financial Barrier

Fully capitalized cost for one NME to market

Attrition Funnel

,-
Preclinical Selection
ot /
\%&7

k

13.5-Year

Development Cycle

Average duration from initial discovery
to market entry

f
l 8 % V=Value

o  Success P-= a(WIP xp(TS) x V)
j<> te WIP=Work-In-Process CT X C C=Cost

Small-molecule candidates P(TS)=Success Probability
TS V=Cycle Time CT=Cycle Time
successfully transitioning to launch C=Cost

Phase Il & lll Attrition Benchmarks

Phase II: Phase llI:
34% Success Rate 70% Success Rate
2.5 years 2.5 years

Probability
Probability

Phase Il Phase Ill

/10.1038/nrd3078

The Pharmaceutical Value Equation:
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}7 Translating Ret

Preclinical Discovery (The Al R&D Sweet Spot)

Case Study: EXS4318 Molecule
IBM's RXN uses molecular
transformer models for
| FA multi-step retrosynthesis;
AlphaFold 11-month design of EX54318

Genome ®

© O,

Station 1: Target Station 2: Lead Generation Station 3: Synthesis
Identification & Validation & Structural Optimization Route Prediction

Deep learning models analyse 2 million Neural networks (OHNs and GANs) screen Molecular transformer models
genome sepuonses to identify disease- virtual chemical space of 10%® molecules; map multi-step retrosynthesis to
causing variants and validate mechanisms  AlphaFold predicts 30 protein structures optimize reaction pathways.

Clinical Development (The Acceleration Zone)

= 1 80%-90% .| 25% / ﬂ

Increased
0 X & | SuccessRate Compliance

Station 4: Phase | Station 5: Phase lI/llI
Safety & Cohort Design Efficacy & Retention
Al-tbiven cohort parsing matches NLP and computer vision monitor

precise patient sub-populations patient compliancg; soharance
through genome’exposome analysis platforms hoost trial compliance

capolz(ho

Advanced Manufacturing & Loglstlcs

Wﬂf—@ ]Lj<

SU2) infins sensors L
}“’, (Raman)MR ps! . i
' spectroscopy) b x\ N >
O & /_\ >
\_J)
Station 6:

Continuous Manufacturing

Neural networks integrated with inline
probes allow real-time adjustments to
optimal reaction settings

/10.1016/j.drudis.2020.10.010  https://doi.org/10.3390/pharmaceutics16101328

Digital Twin Framework

Virtual replicas simulate and optimize
active pharmaceutical ingredient scaling
without operational disruptions



https://doi.org/10.3390/pharmaceutics16101328
https://doi.org/10.1016/j.drudis.2020.10.010
https://doi.org/10.1038/nrd3078

| Competitive Intel & Landscaping

ih Autonomous monitoring of clinical trial registries and preprints.
ih Automated synthesis of the drug landscape for any target cytokine.

ih Real-time alerts for IP white-space discovery.



Good Al Practice, GxP

Without ethics and governance complement the scientific method



| Consider The Potential of Al to Damage Healthcare

The Journey of Your Health Data: Mapping the NHS Landscape Al without control
Accelerates the goals of the

Step 2: The Extractors Step 3: The Consumers (End Users)

(Intermediaries) Over 460 organizations, including 216 universities H d H .d I H =
and 106 pharmaceutical companies, use this data. In IVI uq or grOUP |ncr903|ng

i B3 -]
I DD 3 l. ,{b :3 ] =)
= -

duplicative efforts and bias.

IA.I
Bl
Step 1: The Origin = &

(Care Providers)
Universities & Pharma & Life Sciences:  Non-Profit & Clinical:

Data is recorded at 6,544 GP Organizations like NHS Digital Research: 216 entitics 106 entities 44 entities _!) Esca | ates Privacy and BreaCh Ris kS

practices and 216 hospital collect and package this data Observational research  Scientific research and Policy research and
trusts across England. for secondary uses. and clinical audits vaccine evaluation health evaluation

8 Deepens Transparency and Public Trust Crisis

8  Wastes Funding and Dilutes Value

Challenges & The Path Forward
Recommendation: Secure 8 Perpetuates Data Bias and Masks Deficit
The Transparency Gap 35% Secure Access Rate @\ Data Environments (SDEs)

Most dat: 2-3 Only about a third of dat: s o

steps away from the patient, [%DD consumers currently use highly . @ piibisAweitaendl 8 Fragments Collaboration and Reproducibility

making it hard to track. secure “data environments. inside secure NHS platforms.

https://doi.org/10.1016/52589-7500(23)00157-7
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The Future of Al

Your guess is as good as mine, but ...



THE HYPE CYCLE COMPOUNDED

Don't focus on technology, focus on valid needs and adopt Al as necessary.
Watch, wait, learn - together.

A hype cycle depicts phases of enthusiasm for a new tech: initial
excitement, over-expectation, disillusionment, and productive

use.
m Al'sdevelopment is marked by overlapping hype cycles, each

depicting phases from excitement to productive use.

m Fromrule-based systems to deep learning, each era has its
own cycle, with daily Al discoveries adding to the complexity.

m Aladvancementis accelerating due to computational growth,
data availability, and intersections with other technologies.

m [hiscompounded and quickening trajectory makes predicting
Al's future increasingly challenging.

We are in no position to accurately estimate the end-game for Al or
decide on the most impactful use of Al in healthcare.

We can only assume the impact will be extreme & we must learn.



THE VALUE OF DATA vs. TECHNOLOGY

We can always acquire technology, but we will only reach interoperability together.

m Itis currently abundant.
m Itis difficult to mine.
m Itis difficult to process.
|
|

It should be reusable.
It will become scarce.

e, |

‘L e
y' i’.. .“-’.:

v ay S O




I THE Al SUPPLY CHAIN - FRINGE BENEFITS

The safe business of artificial intelligence is in infrastructure & data
Infrastructure has a high bar to entry, the fringe is difficult to ID, and data has no consensus.
All else might have high margins but high competitive risk +high technical debt

Data infrastructure

Base supplier Infrastructure Models as a Service Fringe products
GPU : NVIDIA, AMD, INTEL, ... CLOUD : AWS, GCP, AZURE, ... Foundational model : ChatGPT, CLAUDE, ... Custom models : AlphaFold, ...



| Data Sovereignty & Secure R&D

1100)

Local & Private Execution in Enterprise Al

New frameworks allow running these agents
locally, ensuring proprietary clinical trial data

never leaves the pharma's firewall.




summary

Historical foundation: We have the data and algorithms.

The Change: From classifiers (Predictive ML) to creators (GenAl).
Foundation Models: Pre-trained "Biological Engines."

The Bridge: Agentic Al orchestrates the entire discovery loop.

GxP: With great efficiency comes the responsibility to work together

The Future: More data and more cost effective models



Questions?

Next Up: Hands-on Workshop in Google Colab

Thank you for your attention.



