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Disclaimer

The views expressed in this presentation are the personal views of the
presenter(s). They shall not be understood or cited as opinions of the
Paul-Ehrlich-Institut. The presenter has not received any funding or
grants from companies or from associations representing companies.

The reproduction and distribution of information and data from this
presentation (text, image, graphics) is prohibited without the prior
written consent of the presenter and the Media and Public Relations
Unit at the Paul-Ehrlich-Institut (presse@pei.de). This also applies to
the reproduction and distribution of excerpts from the presentation. No
liability for the topicality and completeness of the information provided
will be assumed.
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Paul Ehrlich Institute

Medicinal products within our remit
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INTRODUCTION TO Al
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What is artificial intelligence?

“Al is the simulation
of human-like
intelligence using
computer systems”

“Al combines computer
science and robust
datasets to enable

problem solving”

i

Artificial Machine Deep
Intelligence Learning Learning

“Artificial intelligence (Al) is
the intelligence of
machines or software, as
opposed to the intelligence
of humans or animals.”

‘Al is the use of
computers to perform
tasks that require
human-like intelligence”
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A step: the atomic unit of data science

SERENPIERC:
=R B =

Data source Pre-processing Processing Post-processing Data sink
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Bioinformatics: Data science using biological data

& B &
=R B =

Data source Pre-processing Processing Post-processing Data sink

16.09.2024 Al in medicinal products | Liam Childs | FOG3 - Al



Paul-Ehrlich-Insti é’
aul- r|c-nst|tut,,'=‘\

Al: Data science using machine learning

A A

AN /7
/ \ A

Data source Pre-processing Processing Post-processing Data sink
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Al: Data science using machine learning

A A

AN /7
/ \ A

Data source Pre-processing Processing Post-processing Data sink

Al is more than just the processing step
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The hype around Al

AVISIBILITY

We are here —_
Peak of Inflated Expectations

Plateau of Productivity

Slope of Enlightenment

Trough of Disillusionment

Technology Trigger TIME

>
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What is machine learning?

Data gathering
« Measurements
¢ Qutcomes
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Training and Testing

2. Train 7
del Features Measurements that lead to an outcome
e J (e.g. peptide sequence, HLA type)

The observed outcome
(e.g. binding affinity)

Model

v

A Labels

features labels
0
0
1
. 0 3. Test Predicted

Training set 1 models -
0 @ 0 1
1 ‘. =
1 o0 TN FP
0 . 4 o]

1. Collect data 1 o|P o 1 FN TP
1 1 1
1 1 0
0 O I
0 01 0 1
. 0 100 4. Calcuate

Testing set 1 > :]] :II - performance 0 3 2
g) oo 1 1 4
1 1 1 . .
0 0 0 Confusion matrix
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Performance measures

Predicted
k5 0 1
-
&0 TN FP
0
o 1 FN TP
Precision (P) TP/(TP + FP) How many of the positive predictions are true?
Recall (R) TP/(TP + FN) How many of the observed positives did we predict?
F1-Value 2PR/P +R How well are precision and recall balanced?

All measures range between 0 and 1, where 1 is the best performance.
Performance measures come in pairs (e.g. sensitivity/specificity).
Optimising one measure usually requires compromises on the other.

Algorithms are never perfect (you should rarely see a ,1).
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Assessments at the Paul Ehrlich Institute

Regulatory Assessments of
Bioinformatics and Artificial Intelligence

12

10

2019 2020 2021 2022 2023 2024
m Clinical Trial Application mMarketing Authorisation Application = Orientation = Scientific Advice

o)

N

Number of applications
(o)

N
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Al IN MEDICINAL PRODUCT LIFECYCLE




Medicinal Product Lifecycle
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Research &
Development
* Target Discovery &

Validation

» Lead ldentification &
Optimisation

Pre-Clinical
Studies

* Precision medicine
* Pharmacokinetics
* Pharmacodynamics

Clinical Trials

» Patient Recruitment,
Selection and Stratification

* Dose Optimisation

* Adherence and Retention
* Site Selection

» Data Analysis

Manufacturing

* Process Control and
Optimisation

* Quality Control

* Trend Monitoring

Post-Marketing
Surveillance

* Risk Assessment
» Signal Detection

N\

NS J
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Al ind di =
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Protein Sequence . l
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~3
Drug-Target dataset

Mesrabadi et. al. (2023) J. Drug-target interaction prediction based on protein features, using wrapper feature selection. Sci Rep
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Al in manufacturing

Uncoated Slightly coated Moderately coated Fully coated

Quality assurance of tablet coating quality

Hirschberg et. al. (2020) Image-Based Atrtificial Intelligence Methods for Product Control of Tablet Coating Quality. pharmaceutics
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Al in biomedicines

Machine learning can learn subtle and complex patterns in high
dimensional spaces connecting measurements with outcomes

There are many tools and models available

Machine learning has made certain products possible
Neoantigen-based therapies: peptide-MHC/pMHC-T-Cell binding prediction
CRISPR-Cas off target site editing prediction
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Al IN NEO-ANTIGEN-BASED PRODUCTS




Cancer progression and mutation accumulation
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Adaptive iImmune response to cancer neoantigens

Cancer cells

Antigen-
o D— presenting cell
@ @ '-.)% QJ\W \ Antigen.uptake, - @
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L/ @\ £ @™ | presentation > L \
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: @ I"\\_ r ’ /4 b ."'/
% | @/_,._ @"."' ( /\
—__ '} . e vl
9 /}\__&@v—_' S Antigen i—_(
MHC class |
molecule Peptide
TCR / _\
/ Naive |f \
/ Teell | |
| Tcell

Credit: Nature
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Activation, expansion
and differentiation

Effector antigen
recognition and

direct or indirect killing

 Ch

°f

NORMAL CELL

Transcription [
l
L4

Amino acids

—

RNA
Finished protein

/

Credit: Technology Networks
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[ — No immune
recognition

Inactive
Tecel

MUTATED CELL

DNA with a

mutation

Transcriptionl‘-“
Y Amino acids
—l L

RNA
Finished protein
Neoantigen 7‘1\

/ i \j&gradauon

[ ] [ ]
Immune
recognition
Activated
T cell

Neoantigens are newly formed peptides which
arise from somatic mutations in cancer cells

Al in medicinal products | Liam Childs | FoG3 - Al




Training the adaptive immune system using neoantigens
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Normal WES/WGS Tumour WES/WGS Tumour RNA-seq

Mutations Gene expression

Missense Frameshift Fusion
(indels) \f‘ TUMOUR TISSUE THERAPEUTIC VACCINATION

\/\ + Checkpoint inhibitors

or other therapies
WT=CTTGATCGGATCG
Mut=CTTGAACGGATCG

HLA TYPING _
MHC ; Regantiean VACCINE
. Y MHC clasgl A FORMULATION

e /- DNA, RNA, peptide,
8- virus, adjuvant

COMPUTATIONAL
NEOANTIGEN
IDENTIFICATION MHC class Il /

lpd CANDIDATE
Canceriell NEOANTIGENS

Tcell

Mass spectrometry ELI5pot

MHC tetramers EXPERIMENTAL SELECTION AND
VALIDATION PRIORITISATION
Clonality

.‘. .‘. expr

W

Credit: ScienceDirect
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Clinical trials ongoing
Nothing on market




Computational neoantigens identification

a. Neoantigen Prediction

Tumor Tissuwe
RHﬁ.-uq

O

Sequencing Data
Quality Control

Y

Somatic Varlant
Detection

|[ HLA Typing

H Peptide Processing

Peptide-MHC
Binding Prediction

| T Cell Recognition
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Neocantigen Prediction
and Ranking

b. Somatic Variant Detection

DN

Single nucleotide
variant

c. HLA Typing

N
MK

Insertion or
deletion

Gane fusion

PHLAT
DOpliType
Polysclwer
saqzhla
HLAscan
HLAPRG
Kourami

e. Peptide-MHC Binding Prediction

Arnires el sl s

F | MHC bineling groave

M MHC A
MHCRurry
MixMHCpred
DespMHCI
NelMHCllpan
MethHC

MNetMHCstabpan
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+
Copy number Spiica variant Microsatellite |
variant Instability
d. Peptide Processing
{ NetChop20S
F
= itk NetChopCerm
\w s Tumor P EMM
Lo e AN pepCleavecDd
r d }_f‘k’_@ MHC NP 1l
F o
f. T Cell Recognition
PanPep
GLIPHIGLIPH2
DeepTCR
MHC TCR A
TCRMatch
APC T cell BLOTCR
TITAM
epiTCR

Fan, T. et al. (2023) Therapeutic cancer vaccines: advancements, challenges and prospects. Sig Transduct Target Ther.
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How to predict peptide binding affinity?
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Peptide Pseudo sequence Log-affinity
AEFWDVFLS  YFAMYGERKVAHTHVDTLYVRYHYYTWAVLAYTWY 0.0847
ADPVDAVIN  YYAMYGEEVAHTHVDTLYVRYHYYTWAVLAYTWY 0.2890
IRHHVEWAL  YHTEYRNICAKTDVGNLYWTYNFYTWAVLAYEWH 0.4350
YIRRNMINK  YYAMYRNNVAQTDVDTLYIMYRDY TWAVWAYTWY 0.5266
KAGQYVTIW  YDSGYREKYRQADVNKLYLWYDSYTWAEWAYTWY 0.3436
YTAVVPLVS YTAMYLONVAQTDANTLYIMYRDY TWAVLAYTWY 0.0014
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Avalilability of binding affinity data

Number of epitopes curated by year in the Immune Epitope Database

200000

Number of Epitopes
: :

:

J—

1953 L9 L9ED 150 2000 QLD

o

Publication Year

Vita R. et. al. (2019) The Immune Epitope Database (IEDB): 2018 update, Nucleic Acids Research
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How neural networks are applied to peptide-MHC binding

prediction
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Peptide Pseudo sequence Log-affinity
AEFWDVFLS  YFAMYGEKVAHTHVDTLYVRYHYYTWAVLAYTWY 0.0847
ADPVDAVIN  YYAMYGEKVAHTHVDTLYVRYHYYTWAVLAYTWY 0.2890
IRHHVRWAL  YHTEYRNICAKTDVGNLYWTYNFYTWAVLAYEWH 0.4350
YIRRNMINK ~ ¥YYAMYRNNVAQTDVDTLYIMYRDYTWAVWAYTWY 0.5266
KAGQYVTIW  YDSGYREKYRQADVNKLYLWYDSYTWAEWAYTWY 0.3436
YTAVVPLVS YTAMYLONVAQTDANTLYIMYRDYTWAVLAYTWY 0.0014

Eluted
ligand

Peptide + MHC sequence
Binding
affinity

43 input neurons (one per sequence position)

5 x 10°° possible amino acid combinations

Nielsen et. al. (2007). NetMHCpan, a Method for Quantitative Predictions of Peptide Binding to Any HLA-A and —B Locus Protein of Known Sequence. PLoS ONE
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Performance

F-rank: the ratio between the number
of peptides with a prediction score
higher than the positive peptide and
the number of peptides contained
within the source protein.

» Binding affinity data:
= 134281 IC5; measurements from
IEDB

= 4 distinct MHC Il alleles

= Eluted ligand data: 5
= 372639 MHC measurements
= 74 distinct MHC Il alleles

» Negative peptides sampled from :‘j-
UniProt 4

e )
001 o

FRANK

0.001 4

FRANK

0.001 4

Reynisson et. al. (2020), NetMHCpan-4.1 and NetMHCllpan-4.0: improved predictions of MHC antigen presentation by concurrent motit deconvolution and integration of MS MHC eluted ligand data, NAR
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Al IN CRISPR-CAS-BASED PRODUCTS
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CRISPR-Cas9

! dsDNA

Nobel Prize

Clea\lage Many applications
Off-target problems
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Example indication
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Sickle cell anaemia

) Normal red blood cells

Mormal
red blood
call (REC)

RBCs flow freely
within blood vessel

Abnormal, sickled, red blood cells
(sickle cells)

Sickle celis
blocking /
blood flow

Cross-section of sickle cell i

Sticky sickle cells

Credit: Wikipedia
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BCL11A KO restores Foetal Hb expression

BCL11A blocks gamma globin to repress HbF expression CRISPR-Cas? gene editing targets BCLT1A in erythroid lineage
causing sickle hemoglobin increasing HbF expression and rescuing adult hemoglobin
Sickle cells Normal red blood cells

( L) (]

Defective hemoglobin e Normal hemoglobin Guide RNA

=

5
B-Globin Locus
Chromosome 11

X
B-Globin Locus
Chromosome 11

HbF HbF

Credit: Morayo G. Adebiyi, (2024) Tackling sickle cell disease with precise and efficient gene editing. DT

Casgevy
FDA approved December 2023
EMA authorised February 2024
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Off-target editing

A protospacer
I
genomic DNA / \/ PAM
9 3
LU DNA bulge FOEEEEEEEEET T =,
3 | 5
\ + /
guide sequence (20 nt) A chimeric
5,\t!IIIIIIII FEELEEED /7 RNA
L |
’ Car
~
I, \‘
4 ~
s ~
7/ N
s Y
4 .
7’ b Y
" 4 ~
s’ E 3 Y

20191817161514131211109 8 7 6 5 4 3 2 1 PAM

Protospacer 5-...CAG TAGAGCGGANGCAGGAGGCGGGCT...-3
I AN
3-..LTCATCTCGCCTNCGTCCTCCGCCCGA...-5
BESEEREEERERET IR SRR AN
5-GUAGAGCGGA—GCAGGAGGC...-?

Guide sequence
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B protospacer
I
genomic DNA / \, PAM
5: TECEEREEREEEREEerd PEEERRERERERREn 2
3 5
guide sequence (20 nt)\ - / chimeric
5\,-. LR FERERren /~ RNA
‘If CELEEEEERETIE
RNA bulge Ca'
’ N
’ N
II \\
4 ~
’ “
s A
’ N
’ ~
’ A \\.

’
20191817161514131211109 8 7 6 5 4 3 2 1 PAM

§5~..6AGAGAG—~CGGAGGCAGGAGG CGGGCT...-3
I L
3 lTCTCTC—GCCTCCGTCCTC CGCCCGA...-5
ARy ArCESENE R EEE BN
5-GAGAGNCGGAGGCAGGAGGC...-¥

Lin Y. et. al. (2014) CRISPR/Cas9 systems have off-target activity with insertions or deletions between target DNA and guide RNA sequences, Nucleic Acids Research
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Off-target editing site prediction

GTAGCCGATAGGATAGTCGATAGGATAGGTGATCGGATACTCGATAGGATGG

Step, . PETRTI

TAGCCGATAGGATAGTCGATNGG
St ep GT?TTT??T????T??TT??TAGGATAGGTGATCGGATACTCGATAGGATGG ..
2

TAGCCGATAGGATAGTCGATNGG

GTAGCCGATAGGATAGTCGATAGGATAGGTGATCGGATACTCGATAGGATGG
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. . TAGCCGATAGGATAGTCGATTGT

......... €) >3 mismatches

. TAGCCGATAGGATAGTCGATTGT

v

. . TAGCCGATAGGATAGTCGATTGT

Step3 A EESEES EE S S S SRS °>3mismatches

TAGCCGATAGGATAGTCGATNGG

ESt GTAGCCGATAGGATAGTCGATAGGATAGGTGATCGGATACTCGATAGGATGG. .

€P14 LLL=TELDEEETT e [T
TAGCCGATAGGATAGTCGATNGG

GTAGCCGATAGGATAGTCGATAGGATAGGTGATCGGATACTCGATAGGATGG. .

Stepys RSN NEINAnIEININl

TAGCCGATAGGATAGTCGATNGG

GTAGCCGATAGGATAGTCGATAGGATAGGTGATCGGATACTCGATAGGATGG. .

Step, ©no PAM
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v

. TAGCCGATAGGATAGTCGATTGT
€)>3 mismatches

. TAGCCGATAGGATAGTCGATTGT

TAGCCGATAGGATAGTCGATNGG
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Mismatch position and identity affect editing activity

Positon in sgENA

C Position in sgRNA 123458788 10111213141516171815 20 .
4 5 6 7 8 9101 121314151617 1210 20 rid:dT o
E’EE | rdi3

= 9 e o b

o g Yy F v
Z3¢c ' ME.dT iy .

= = . - &
=TA N S G0 o e
D grﬁ:ﬂﬁ. =

i | 1

BEG 2 G ]

g e U 1l e
< @ G o & a0
Ié.ﬁ. ridG B Nl
A 0
rA:da 1,

Doench, J. et al. (2016) Optimized sgRNA design to maximize activity and minimize off-target effects of CRISPR-Cas9. Nat Biotechnol
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Prediction of off-target site editing

Example input data

. Neural network architecture
Sequence Mutation
V) | _Input __EncodedMatrix _____Inceptionlayer __~ ____ Recurrentlayer ~ Denselayers |

On-target CTTGCCCCACAGGGCAGTAACGG 78.8
Off-target-1 TCAGCCCCACAGGGCAGTAACGG 85.8

1

1

]

]

1

1

1

1

]

I

I

2 i

Off-target-3 GCTGCCCCACAGGGCAGCAACGG 4.4 : i

£ i

. » »©!

Data encoding ;

B y :

,,z ------------------------------------------------------------------------- “ g . i

7 Insertion Mismatch Deletion 3} ] : [ I

| On-target site i . 1

1 (5"-3") - CA A Cih: = cA - :

: Off-target site : 1

I (553) - CA A CIA ; % i

E ofMolo ofMo]o i L i

i T olo|o]o olofofo] ! T :

: On-and 00 00 i :

: Off'targe‘ c ololo ololo : ————————————————————————————————————————————————————————————————————————————
j Pakicods’ By olofo]o ofofofo] i
H ]
H ojojo|o ojojofo]
\ oJofo]o olofofo],
\ 4

Lin et. al. (2020). CRISPR-Net: A Recurrent Convolutional Network Quantifies CRISPR Off-Target Activities with Mismatches and Indels. Advanced Science.

16.09.2024 Al in medicinal products | Liam Childs | FoG3 - Al E



Performance
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Type/ No. Technique Total Validated  Guide RNAs  With Indel Literature
Off-targets
_ Receiver operating characteristic
1/1 CIRCLE-Seq 584 949 7371 10 Yes Tasi et al."™
1.0
/2 GUIDE-Seq 213943 60 6 Yes Listgar[’ﬁ%n et
al.—
/1 Protein 4853 2273 65 No Doenc%p etall -
knockout = o™
detection E
B
2 os
/2 PCR, 10129 354 19 No Haeusszlléar et 5_9
Digenome- al.”” )
Seq and &
HTGTS ‘g 0.4
(-9
@ —— CRISPR-Net_reg_7bit (AUROC=0.966)
/3 SITE-Seq 217 733 3767 9 No Came[r%? eta E CRISPR-Net_reg_10bit (AUROC=0.958)
1= 0.2 CRISPR-Net_clf_10bit (AUROC=0.966)
/4 GUIDE-Seq 294 534 52 9 No Tasi et al."™® — CRISPR-Net_clf_7bit (AUROC=0.969)
—— Modified CNN_std (AUROC=0.934)
/5 GUIDE-Seq 95 829 54 5 No Kleinst[i4\£]er et % —— Gradient Boosted Trees (AUROC=0.845)
al.— |
0.0 0.2 0.4 06 08 1.0
/6 GUIDE-Seq 383 463 56 22 No Listgar[’ﬁ%n et False Positive Rate (FPR)
al. ™
Kim et. al. (2015). Digenome-seq: genome-wide profiling of CRISPR-Cas9 off-target effects in human cells. Nature Methods
Lin et. al. (2020). CRISPR-Net: A Recurrent Convolutional Network Quantifies CRISPR Off-Target Activities with Mismatches and Indels. Advanced Science.
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https://onlinelibrary.wiley.com/doi/full/10.1002/advs.201903562#advs1778-bib-0019
https://onlinelibrary.wiley.com/doi/full/10.1002/advs.201903562#advs1778-bib-0013
https://onlinelibrary.wiley.com/doi/full/10.1002/advs.201903562#advs1778-bib-0011
https://onlinelibrary.wiley.com/doi/full/10.1002/advs.201903562#advs1778-bib-0040
https://onlinelibrary.wiley.com/doi/full/10.1002/advs.201903562#advs1778-bib-0018
https://onlinelibrary.wiley.com/doi/full/10.1002/advs.201903562#advs1778-bib-0016
https://onlinelibrary.wiley.com/doi/full/10.1002/advs.201903562#advs1778-bib-0044
https://onlinelibrary.wiley.com/doi/full/10.1002/advs.201903562#advs1778-bib-0013
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USING Al
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Practically integrating Al into your product

* Technical

 Unit testing

* Integration testing

* Regression tests
» Analytical

 Cross validation

* Independent data
* Clinical

* Cloud

« Servers

* Cluster

e Linux

* Containerisation

« Continuous
integration

» Data cleaners

« Data scientists

* Bioinformaticians
» Developers

* Domain experts
» System admins

e Scrum masters

» UI/UX experts

* Product owners

-
O
e

(©
O

(©
=

Skilled team (¢
Infrastructure
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What to consider when using Al in the development of
medicinal products

J

N

4 . . . N )
( 3 What risks are inherent in each ( \ Should we develop our own
step? @ machine learning models?
~ . -
BISK * Risk of false predictions
N _ » Risk of tools used N J
N U\ J
4 N . e )
( _ ) How well does the step perform? | | \ How are risks mitigated?
f » Analytical validation as part of risk m » Accept, avoid, transfer, reduce
assessment + Verification, filtering
o _J o _J
N U\ J
4 N . )
( N What dataset should be used? ( ) How is change managed?
 Published, purchased, in-house, synthetic ‘{(:)}) « Major/minor changes
— L{) * Reporting
o _J o _J
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Regulatory guidelines

EUROPEAN MEDICINES AGENCY
SCIENCE MEDICINES HEALTH

U.S. FOOD & DRUG

ADMINISTRATION

13 July 2023

EMA/CHMP/CVMP/83833/2023
Committee for Medicinal Products for Human Use (CHMP)
Committee for Medicinal Products for Veberinary Uss (CVMP)

s Reflection paper on the use of Artificial Intelligence (AI) in
s the medicinal product lifecycle
7 Draft

rune
E

Using Artificial Intelligence

(CHMP) Methodology Working Party - 3
Draft adopted by CVMP for release for consultation 13 3uly 2023 o & Machine Learmng

Proposal for a .
Draft adopted by CHMP for release for consultation 10 July 2023 Remulation of tha E Pariamant of in the DEVEIOPmEHt of

gulation uropoai Pauient and Drug & Biological Products

Start of public consutation 190y 2023 2

the Council Laying Down Harmonsed Rules on g (2
End of consultation (deadiine for comments) 31 December 2023 Artificial Inteliigence (Artificial Intelligence Act) Discussion Paper and Request for Feedback

[ Comrots oo rvaRd g s LRy o Fo o e s, s ‘ and Amending Certain Union Legislative Acts .
the EUSurvey Support
Keywards “Artificial nteligence, Al, machine learning, ML, regulatory, medicine, human 202170106 (COD)
medicinal product, veterinary medicinal product

European
Commission

World Health
Organization

s am o The teth
Telaphana +31 ()28 7 . . -
o TP p——

EMA: https://www.ema.europa.eu/en/news/reflection-paper-use-artificial-intelligence-lifecycle-medicines

EU: https://artificialintelligenceact.eu/

WHO: https://www.who.int/publications/i/item/9789240078871

FDA: https://www.fda.gov/science-research/science-and-research-special-topics/artificial-intelligence-and-machine-learning-aiml-drug-development
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OUTLOOK
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Outlook

Al is becoming an integral part of the medicinal product life cycle.

The discussion of how Al will be regulated is ongoing (see slide 36)

Two examples where Al could be used directly in design of biomedicine

Would love to hear about more
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Das Paul-Ehrlich-Institut ist ein Bundesinstitut im Geschéaftsbereich Paul-Ehrlich-Institut H
des Bundesministeriums fur Gesundheit. —

The Paul-Ehrlich-Institut is an Agency of the
German Federal Ministry of Health.

THANK YOU VERY MUCH

FOR YOUR ATTENTION
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