Any comments,
suggestions,
criticisms that
you may have
for David and/or
for the course?

Make a 3x/m
sign that says
“SIT AT THE
FRONT" ...

Image:
ChatGPT 5




Feedback and questions (Lecture 1)

How did you experience the interactions between your peers and David, and among the peers?
15 Antworten

How was your overall impression of today's lecture?
15 Antworten

10,0

9 (60 %)
75

5,0

2,5

0(0% 0(0% 0(0%
y ©%) ©%) ©%) A

5 (33,3 %)

1 2 3 4 5

How well could you understand and follow David (the lecturer)?
15 Antworten

10,0
7,5
5,0

2,5 3 (20 %)

2 (13,3 %
0 (0 %) 0 (0 %) s =
0o 1(6,7 %)

9 (60 %)

1 2 3 4 5

+

10,0

7,5

5,0

2,5

0,0

9 (60 %)

4 (26,7 %)

0 (0 %) 0 (0 %) 0(0%) 2 (13,3 %)

1 2 3 4 5 6

Introduction rough, but clear afterwards.
Enthusiastic and engaging style.

Collaboration encouraged, topic made
interesting.

Pair discussions worked better than whole row.
Room setup limited larger group discussions.
Semester topic overview desired

Accessible, interdisciplinary background
wished

On-the-spot questions are tough for some



Feedback and questions (Lecture 2)

How was your overall impression of the second lecture?
19 Antworten

10,0

10 (52,6 %)
7.5
0
5,0 6 (31,6 %)
2,5 3 (15,8 %)
0 (0 %) 0 (0 %) 0 (0 %)
0,0
1 2 3 4 5 6
How well could you understand and follow David (the lecturer)?
19 Antworten
10,0
9 (47,4 %)
7,5
7 (36,8 %)
5,0
2,5
2 (10,5 %)
0 (0 % 0(0%
(@ %) (0 %) 1(5,3 %)
0,0
1 2 3 4 5 6

+ + + + + +

How did you experience the interactions between your peers and David, and among the peers?

19 Antworten

10,0

9 (47,4 %)
7.5 8 (42,1 %)
5,0
2,5
2 (10,5 %
0 (0 %) 0(0 %) 0(0 %) ( )
0,0
1 2 3 4 5 6

Group work fostered collaboration
Lecture more engaging, interactive
Relaxed pace, easier follow

Most engaging course so far

Grateful — best lecture yet

Sitting front improved understanding
Interest groups felt chaotic

Sometimes hard to transcribe

Board and slides unclear sometimes
Prefer pauses for reflection



AMIDD 2025 Lecture 3: Key questions In drug discovery

We divided the classroom into five personas:

1. Patients of Type 2 Diabetes

2. Medical doctors -

3. Drug discovery company

4. Insurance company .,
5. The regulatory agency — s
Questions: (1) What are your main interests and Percent of country Pop.
concerns? (2) With which groups do you wish to S
collaborate? Why? Rank the partners by the -f1'_114

priority. (3) What are the ideal and worse R

No Data

scenarios for you?

Dr. Jitao David Zhang
' Computational Sciences Center of Excellence (CS CoE), Roche Innovation Center Basel, F. Hoffmann-La Roche;

2 Department of Mathematics and Computer Sciences, University of Basel



Main interests and concerns

Patients

Medical
doctors

Pharma
company

Insurance
company

Regulatory
Agency

Interests
e Safe, effective, and affordable medications
e No or preventable side effects
e Convenience
e Agencies are honest about the risk

Administrative burden
Side effects (safety profile)
Repayment

Easily accessible

Scientific advances

Effective drug targets

Ensuring safety and efficacy during clinical trials
Reg. Ag. Compliance

Country-specific rules

RWD (real-world evidence) and pharmacovigilance
Financial success of the drugs, and effectiveness

Keep the healthcare cost manageable
Planning and predicting risks
Ensure the patients stay healthy

Approving new, efficient, safe drugs
Recognizing and disapproving non-safe drugs
Keep the patients and population’s interest, Gov’t

Concerns
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The opposites

The opposites

Economic (R&D cost, time cycle)

Revenue loss

Fails to get approval (especially at late stages)
Regulatory specifies across countries

Ethical concerns

Profits & Access

High price
Effectiveness
Side effects and legal liabilities

Approving unsafe drug: legal/reputation liability
Pressure from gov., patients, meds, pharma
Funding
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Partners by priority

Priority #1 #2 #3 #4 #5

Patients Med. Doc. Insurance | Reg. Agency Other Pharma
patients

Medical Patients Other docs. Insurance Pharma Reg. Agency
doctors
Pharma Reg. Agency  Med. Doc. Patients Insurance Compet.
company
Insurance Patients Med. Doc. Pharma Reg. Agency Other
company Insurance
(as payer)
Regulatory Pharma Med. Doc. Patients Insurance Other

Agency agencies



The ideal and the worse scenario

Patients

Medical doctors

Pharma company

Insurance company (as
payer)

Regulatory Agency

Ideal scenario

Safe and effective drug that
improves QoL with minimal side
effects and fair access

Well known, accessible, easily
administerable drug with
manageable side effects

Blockbuster (>=1B yearly sale),
reputation, beat the competitors

Drugs are effective and safe,
reasonably priced, prevention, good
reputation

Approving many new and innovative
drugs that are safe, well and fast

Worst scenario

Unsafe, overpriced, health at risk

New, difficult to access, complicated
to administer, and many side effects

Financial failures, revoke of the
drugs, reputation lost

Expensive, not effective enough,
side effects, reputation suffered

Letting through a unsafe drug



The linear model of drug discovery

Target
identification,
validation &
assessment

>

p(TS)
WIP needed for 1 launch
Cost per WIP per Phase

Target-to-hit

K

80%

243

Cycle time (years)

Lead

Hit-to-lead

_\\

75%

194

optimization

85%
14.6

Preclinical

69%

124

S5

j

x|~
\/l\/|\/
RAVANVAS
/XN
UNI
BASEL
Phase I Phace il Submission
~RL Mol to launch
. | ) . - — S
= = Launch
Total=5%

11

[

| 1

| - )

Total=12.5y

Cost per launch (out of pocket) Es24 | 549 | | Sl6 | sl | 128 | | <185 | | 5235 | | 544 | E
% Total cost per NME 3% 6% 17% 7% 15% 21% 27% 5%
Cost of capital 1%
[ Cost per launch (capitalized) $94 $166 $414 $150 $273 $319 $314 $48 |j s1778 | ]

Adapted from Paul, Steven M. et al. “How to Improve R&D Productivity: The Pharmaceutical Industry’s

Grand Challenge.” Nature Reviews Drug Discovery, 2010. Cost ($) is in the unit of 7 Million Dollar

[ Discovery [ Development



http://www.nature.com/nrd/journal/v9/n3/full/nrd3078.html
http://www.nature.com/nrd/journal/v9/n3/full/nrd3078.html

Moore’s versus Eroom’s Law
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® Microprocessor Transistor Count

----- 2X every 2 years

Adapted from graphs by Hannah Ritchie and Max Roser and by Jim Keller
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100

FDA tightens regulations
post thalidomide

FDA clears backlog following
PDUFA regulations and
perhaps relaxes on HIV drugs

10

Increase in ‘orphans’
plus ‘targeted’
cancer drugs

—

First wave of biotech

8.4% per year decrease in ~
new drugs per $billion R&D ~

01 |

1950 1960 1970 1980 1990 2000 2010 2020

Year

Data come from Scannell, etl al. (2012) Diagnosing the decline in
pharmaceutical R&D efficiency. Nature Reviews Drug Discovery, and personal
communication. Figure by Richard Jones and James Wilsdon



https://physicsworld.com/a/moores-law-further-progress-will-push-hard-on-the-boundaries-of-physics-and-economics/
https://semiconductor.substack.com/p/the-relentless-pursuit-of-moores
https://media.nesta.org.uk/documents/The_Biomedical_Bubble_v6.pdf

Drug discovery and development require huge investment

and large interdisciplinary teams
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Schuhmacher, Alexander, Lucas Wilisch, Michael Kuss, Andreas Kandelbauer, Markus Hinder, and Oliver Gassmann. “R&D Efficiency of Leading Pharmaceutical Companies — A
20-Year Analysis.” Drug Discovery Today 26, no. 8 (August 1, 2021): 1784—89. htips://doi.org/10.1016/j.drudis.2021.05.005.

10


https://doi.org/10.1016/j.drudis.2021.05.005

Profits generated by new molecule entities (NMEs) cannot
cover the cost in some companies in the last 20 years
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Quest of the course: to make drug discovery efficient and
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sustainable with mathematics and informatics

a
) > R?=0.8421
45
40
35 Merck (US) -7
{fl 30 Novartisg &
= v
E 25 GlaxoSmithKline @ -~
o _ 7 Sanofi
g 20 Gileed AstraZgnéca‘ ®Roche
£ 1iea Eli Lilly ®
3 15 | Sciences ,/‘ . .
Z Ta’kcd'a Bristol Myers Squibb
10 Boehrm.g/er ’0 Amgen
Ingelheim
0
$Obn $100bn $200bn

Cumulative R&D Spending

R&D efficiency of leading pharma companies,

1999-2018 (Schumacher et al., 2021)

= Ligands PoseBusters set
100~
*kk
80
*%
S 60-
g |
n
(0]
; |
(3 40
204
0 T T T
AF3 AutoDock RoseTTAFold
2019 cut-off Vina All-Atom
n =428 n =428 n =427

Accurate structure prediction of biomolecular interactions with
AlphaFold3 (Abramson ef al.. 2024). The PoseBuster set: 428
protein-ligand released to PDB after 2021. Success: pocket-aligned ligand Root
Mean Square Deviation (RMSD) of atomic positions <= 2A. Right: AF3 prediction for

which docking tools Vina and Gold were less accurate (Human Notum bound to
inhibitor ARUK3004556)
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https://www.nature.com/articles/s41586-024-07487-w

Five key questions in drug discovery

SN

<>
)
(

Medical Need

What is the unmet
medical need to be
addressed?

Target &
modality

What is the target?
What is the
modality?

PK/PD

How much drug
reach which body
part? What does
body do to the drug
(PK)? What does
the drug do to the
body (PD)?

Benefit/risk

What is the toxicity
of the drug? Is it
justifiable given the
benefits?

Patient
stratification

Who are responsive
to the drug? Who
are susceptible to
adverse events?



Activity [%]

NX
Classical workflow of drug discovery from models’ perspective 7HT
Animal experiments
(in vivo)
| e >
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Biochemical or  Cellular assays Wi Clinical
biophysical (in vitro) Mrdnfetes

trials

assays bRiAg T RO



N4
>/|\/|\<
\I/\l/
/ |\,( |\

Mathematical and computational models integrate data across scales
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A

504 -e- JAK1
JAK2
-+ JAK3
- TYK2
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) 1 2
Concentration
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High-throughput
technologies (omics)
microscopy, etc.)
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S — ST LLLELE
Mechanistic, causal, ;41509014

and statistical models
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Nobel Prize in Physiology or Medicine 2023 was
awarded to Katalin Kariké and Drew Weissman
for “their discoveries concerning nucleoside
base modifications that enabled the development
of effective mRNA vaccines against COVID-19”

Recombinant protein Nucleic acid Inactivated

Main methods for vaccine
production before the
COVID-19 pandemic:
Recombinant protein
(e.g. HBV)
Inactivated viruses
(e.g. Influenza and

Viral vector

Others

14% 1%

Conjugate Attenuated | Toxoid
Virus-like particle Unknown

Epldemlc cerebrospinal meningitis

Polio)
e viral vectors (e.g. HIV) ok G5 - II 21%
are. SARS-CoV-2 Influenza HIV Malaria | RSV | 2/; 1% I Others
Pneumococcal
Issues: large-scale cell infection HPV, diphtheria,
culture is required, which Rabies | tuberculosis

limits the possibilities for

. . . Yue, J. et al. The R&D landscape for infectious
rapid production in response

disease vaccines. Nature Reviews Drug Discovery
22, 867-868 (2023).

Shigellosis, hand-foot-and-mouth disease,
poliomyelitis, tetanus, herpes zoster, dengue
fever, haemophilus influenzae, rotavirus, zika

to pandemics.

17



Vaccine mimics viral infection to activate the immune system
to protect body from future infections

Vaccine mimics a viral infection to

activate innate and adaptive immune

system, while minimizing the
pathogenic effects.

Key players in the game:

1.
2.

Viral proteins as antigens

Antigen-presenting cells (e.g.
dendritic cells)

T cells (T comes from Thymus,
because they mature there)

B cells (B comes from bone
marrow).
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Muscle oO;Vaccine antigen
o
voaA o 4&——Adjuvant (containing
/ danger signals)
Dendritic
1l
b ce
PRR
MHC class I
Peptide of
vaccine antigen
CD4" T cell
Activation and j S
trafficking to Tcell help
draining lymph
node

MHC
class | l
CD8" T cell

TCR j
MHC Tcell
class Il help |

Soluble
vaccine
antigen

BCR

B cell

Proliferation
—_—

Maturation of the
antibody response

Plasma cell differentiation
and antibody production

|

| Bone marrow

Long-lived
plasma cell

|
|
|
|
|
|
|
i
|
|
|
I

Pollard, A. J. & Bijker, E. M. A guide to vaccinology: from basic principles to new developments.

Nature Reviews Immunology 21, 83—100 (2021).
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Coronavirus is a RNA virus infecting human and other species o
100 Wuhan-Hu-1 China 2019 NC 045512*
100 _|: RaTG13 China 2013 MN996532*
100 RmYNO2 China 2019 EPI ISL 412977*
L MP789 China 2019 MT121216*
P1E China 2017 MT040334*
100 ZC45 China 2017 MG772933*
WE ZXC21 China 2015 MG772934*
| BM48-31 Bulgaria 2008 NC 014470

The coronavirus virion consists of
structural proteins, namely spike (S),
envelope (E), membrane (M),
nucleocapsid (N)

100 BtKY72 Kenya 2007 KY352407

100 ﬁ‘j Longquan-140 China 2012 KF294457
H

KU3-12 China 2007 GQ153547
100 —— Rm1 China 2004 DQ412043 Host Virus
Rf1 China 2004 DQ412042 [ Human SARS-CoV-2
97 — ol 16B0133 South-Korea 2016 KY938558 [[] Bat Rhinolophus sp.
—yuﬁgﬂ; ’iifa?ﬁifi 1X993988 ‘ [] Pangolin Animal
YNLF 31C China 2013 KP886808 Bat Chaerophonsp. | SARSr-CoVs
As6526 China 2014 KY417142 [] Bat Aselliscus sp.
Frankfurt-1 Germany 2003 AY291315* 0.05 [ Human SARS-CoV

Phylogenetic relationships of representative members
of the species Severe Acute Respiratory Syndrome
(SARS)-related coronavirus

V’kovski, P., Kratzel, A., Steiner, S., Stalder, H. & Thiel, V. Coronavirus biology and replication: implications for
SARS-CoV-2. Nat Rev Microbiol 19, 155-170 (2021).
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Sequence of the spike protein is largely conserved between 0N

corona and related viruses o

Nucleotide
1 2,0|00 4,q00 6,900 8,0|00 10,900 12,900 14,900 16,|000 18,900 20,900 22,900 24,|000 26,900 28,|000 29,|903

ML

} 100 200 300 400 500 600 700 800 9(|)0 1 OIOO 1 1PO 1 2|00 R

| |
Receptor-binding domain
S1 subunit S2 subunit ’

b ‘*: 680 690 i

Human — SARS-CoV-2 el s+ s R pp—

Andersen et al., The Proximal CONAE S NN T NN T BNEESE------------ R s EEAT s B s IS
Origin of SARS-CoV/-2, Nature Pangolin mesamemim ¢ vAT s oymen 1 B T NS oo omsoeoe e R sEVE s s W AT
Medici 2020 Human — SARS-CoV e atamin ¢ "A' s Vsl T BV s BI------—---—- R S T s EGEK s NI
edicine, Bat — SARS-CoV-related e avemim c "A' s v 7 W8 s s - R S T s EEEKS s SN
Bat — SARS-CoV-related /e a cmim c ‘A s ovums 7 s s BM------------ RS T s EOEUKT s ENEEEN

|
!
|
!
|
5 Bat — RaTG13 mewames

|
I
|
|
|
|
|
|
I
|
|
I
|
I
|
|
|
|
|
I
I
|
|
I
|
|
|
|
|
|
Pl

460 470 480 490 500 T

a |
Human—SARS-CoV—Z!m-ma FORIUK S r:-x P ¢ EEN R EDBNIN S :'-'M-Alﬁs T e |c noommme[T]n < o:l e mmfo]s )6 Foan e I !
Bat — RaTG13 rvmm v FORUKTAUNEEEK P ¢ NN R EDENI s T EESEEYVEQIANGE S K P C N UGIEQE T FGIEEN c Evonys o EECYS R BYANGE F EVE P
Pangolin[m-zmin F R'K S NEE Kk p frEENREDENE s T EENINYEQIATG S T P C i .-23.'? ol r@hmr-r
Human — SARS-CoV mvaxmys r fvEl - BEHEGECEE R ¢ r Bl R E0EEE s NN ¢ r s p EBEEGEKE P C T P P ---SAMEIN ¢ BVEw o BN N EDERVANGH F BVE T
Bat — SARS-CoV-related mmmeyv: » wmss r r s ok EE'N P VIS R SDNEEN s N EDENINYS s P NGINGINGE S C S UAUMIN---NGE P UN' C BVANT P EEM R P UVANGE F F T
P c

Bat — SARS-CoV-related " x v & s mm = mHeG kW R FEEREDENIN s NEEE P F s p EDEGEK P e op-aE)N covw P EE NIBEYITGE P oF T

Receptor-binding domain ACE2 contact residues
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https://doi.org/10.1038/s41591-020-0820-9
https://doi.org/10.1038/s41591-020-0820-9

Spike protein of coronavirus is responsible for viral entry into

human cells

f?
J'm‘%
))

Receptor(ACE2)

Host Cell

SARS-CoV-2

&P ©

HR1

S2
HR2

Spike Protein (Trimer)
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1aand 1b
Transcription — ga ardaE ‘ ER
mRNAs = E
= 'x Translation

Nucleus

Huang, Y., Yang, C., Xu, X., Xu, W. & Liu, S. Structural and functional properties of
SARS-CoV-2 spike protein: potential antivirus drug development for COVID-19. Acta
Pharmacol Sin 41, 1141-1149 (2020).
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DNA or RNA encodes genetic

we know, including viruses

Hydrogen bonds

Nitrogenous bases: Thymine ! Adenine

mm Guanine -0 © NH

y 5 EmEBAdenine 05'0_ HO '.HZS\\;N\V o
information of all life forms that = o e NG ”QO
P,

Photo 51, X-ray diffraction
image of DNA

Franklin R, Gosling RG (1953)
"Molecular Configuration in Sodium
Thymonucleate". Nature 171: 740-741.

o
E==x Cytosine O N‘( O
O o O
HoN
0, | N O
P

! - 7_\// \
| I Cy< .- N 5
Base pair © o. N B NH >—N O‘Pio
_ —Q\IHQ ---- O Cytosine 05,
Sugar- 0 Guanine ©
phosphate | [ || |
backbone | | |
Sugar-phosphate Bases Sugar-phosphate
3 5 backbone backbone

ﬁ Nitrogenous base
O —P—0——CH> 0]
c'y
Phosphate
OH
Sugar

From the textbook OpenStax Anatomy and Physiology, discovered
through Wikimedia, reused under the CC license.
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RNA is transcribed from DNA and translated into protein

CYTOSINE @ CYTOSINE g
L (1
GUANINE g GUANINE g

N N N NH
4N \ N/>\NH2 KN \ N)\NHZ
H H

ADENHI:'NE Al Deoxyribose- ADEN!.NE Ly
o o
URA‘H%"- i THYlv:lrgE )
[iﬁo Emm?; Hﬁjiro
phosphate .
Nucleotides “backbone” NU:flteg":fes

of RNA RNA DNA
(ribonucleic acid) (deoxyribonucleic acid)

|-|05€i:H2 & <|)H HOSTHz o (l)H
4C crv 4C cr
INE WV NG WY
H ¢ Cc H H T C H
|3' 2’J 3’ 2’I
OH [OH OH H
Ribose 2-Deoxyribose
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RNA-transcript

GACTGCCTAGTCGGCGTTCGCCTTAACCGCTGTATT

Coding strand

Figure: https://commons.wikimedia.org/wiki/File:DNA_transcriptie.svg and
https://en.m.wikipedia.org/wiki/File%3AHAR1F_RF00635_rna_secondary_structure.jpg. Original

work by wikipedia user: OrgreBot and user:Ppgardne. Used under CC-SA 3.0 license.
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https://commons.wikimedia.org/wiki/File:DNA_transcriptie.svg
https://en.m.wikipedia.org/wiki/File:HAR1F_RF00635_rna_secondary_structure.jpg

A summary of what we have learned so far in the context of Bg\
coronavirus

1. What is the unmet medical need to be addressed? \We need a vaccine to prevent a large
population of individuals from being infected by coronavirus, which have severe consequences.

2. What are the target(s) of our drug? Spike protein is conserved: immune reaction is desired.

3. Where should the drug go in patient’s body, what does body do to the drug, and what does the
drug do to the body? Due to time constraints, classical vaccine may not meet the need. How
about mMRNA vaccines?

4. What is the safety profile of the drug in light of its benefits? To be investigated.

5. Who are responsive to the drug, or susceptible to adverse events? To be investigated.



Three essential challenges for mRNA-based therapies:
delivery, stability, and unwanted immune responses

outer face & hydrophilic (polar) head

hydrophaobic

» ; _ £ . f A‘ » Of phospholipid (nonpolar)
~L‘:,§$ %’ : : oof  Sugar side chain % P fatty acid tail
',ﬁ'{’ i:f' Y & ¥ e T of phospholipid

L e | oy

N ‘x"“‘,-g_{'gf - ; ‘ L

AL g

integral (intrinsic) proteins peripheral {extrinsic) protein

inner face © 2007 Encyclopaedia Britannica, Inc.

Key challenges:
e mMRNAs are too large and charged to pass lipid
bilayers.
e mMRNAs are degraded, e.g. by ribonucleases.
e Exogenous mRNAs cause immunogenicity.
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BA
Single-stranded Double-stranded Self-replicating CRISPR-Cas9
ASO siRNA mRNA sgRNA
ANNNI @
(4-10 kDa) (~14 kDa) (600—-10,000 kDa) (~200 kDa)
\ [
No bioavailability
L Limited \_/"
% bioavailability
e Ly Small-
i ‘ molecule

The billion-year-old barrier

SRR LR ﬁ:{u@,&ff .
S,
. e

ESY

%fffmm»»&@ //7— }‘7\\

drugs

Left: Cell membrane, copyright of Encylopedia Britannica, Inc. Right: The

four-billion-year-old barrier to RNA therapeutic
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Lipid NanoParticles (LNP) helps delivering RNAs into cells
2

ls

e Lipid nanoparticles can take mRNA
vaccines as largos, and deliver them
into human cells.

e In the cell, MRNA encoding the part of

NN
0N

>/|\/|\/

X

©
»C
wZ

Humoral Cell-mediated
B cell T ‘\ ( immune response IFN-y lnane i< ponse
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CD4* T cell
(helper)

CD8* T cell
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mRNA vaccine

MHC II#

the spike protein sequence is
translated into proteins with the human
protein translation mechanism.

e Synthesized proteins will be degraded
and exposed on cell surface, which will
be recognized by antigen presenting
cells.

Salleh, Mohd Zulkifli et al. “Immunogenicity Mechanism of mRNA
Vaccines and Their Limitations in Promoting Adaptive Protection
against SARS-CoV-2.” Peerd 10 (March 9, 2022)
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RNAs are degraded by proteins known as ribonucleases (RNAases)

,{
MRNAs are too large and charged to pass lipid
bilayers.

MRNAs are degradable by ribonucleases
(RNases). RNases belong to enzymes, a class of

proteins that catalyse chemical reactions.
Exogenous mRNAs induce immunogenicity.
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Structure of PDB 7RSA. Right: alignment of protein

sequences of 8 canonical human RNases (ribonuclease A
family). Sorrentino FEBS Letters, 2010.
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X
Unmodified RNA induces unwanted immune reactions: Gy
modifying RNA can reduce or remove them
300 4

Exogenous RNAs induce immunogenicity. RNAs are
synthesized from four ribonucleotides: ATP (adenosine Ea
triphosphate), CTP (cytidine triphosphate), UTP (uridine ]
triphosphate), and GTP (guanosine triphosphate). =

S 150

=
When unmodified RNAs are delivered into cells, they induce .if -
unwanted immune reaction. They activate the surface proteins "
known as Toll-like receptors (TLRs), which leads to the 501
release of cytokines including the tumor necrosis factor alpha
(TNF-alpha). TLRs and TNF-alpha are also activated by LI e e= 12t 3 =3 <= =
bacterial and viral infections and mediate their killing. § 15; & %8 g 3 § % ('; g2 g
Some type of RNA, however, does not induce immunogenicity, f.;f% _ 8 F E. coli
for instance human tRNA. This finding by Kariké and - e i
Drewman made major contributions to the successful Recogniion by TolHike Recsptors: The Impact of Nudleosde Modificaton

development of SARS-CoV-2 mRNA vaccines. and the Evolutionary Origin of RNA. Immunity 23, 165-175 (2005).
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Human tRNA contains pseudouridine, a modified uridine,

which does not induce immunogenicity

growing peptide chain

incoming tRNA

outgoing
ampty tRNA

tRNA § tRNA /
\ UUujCuUA
UGGAAAUGGAAAGAUUUCAAAUGGUUCAAA
messenger RNA

ribosome

Peptide Synthesis

By Boumphreyfr vector conversion by Glrx - File:Peptide syn.png, CC BY-SA
3.0, https://commons.wikimedia.org/w/index.php?curid=101457889. By
Yikrazuul, CC BY-SA 3.0, via Wikimedia Commons.

Left: tRNAs transfer amino
acids to ribosome for protein
translation. Top right: tRNA
structure, with the TWC loop
highlighted in the blue ellipse.
Below: structures of uridine and
pseudouridine.

0 0
NH NH
HO o
HO @) 0O
O
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Further modification (N1-methyl-%¥Y) and LNP delivery are
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critical for the success of mMRNA vaccines

a 3o\ a g,
X S ,
A Q‘oo e th\% g
Vd d‘ 9 Vd * Q Vd
” p 1)\ 5 HC /ll\ L
H HN NH N NH

HO \ H HO
0 — 0o — 0
Pseudouridylase Nep1

OH OH OH OH OH OH
Uridine Pseudouridine N1-methyl-Pseudouridine
(V) W) (N1-methyl-¥)

MRNA vaccines against human SARS-Cov-2 viruses,
developed in 2020 by Pfizer-BioNTech and Moderna
Therapeutics (comirnaty® and spikevax®,
respectively), reached clinical efficacies higher than
90%. Both benefited from modified RNA and LNP.
Curevac mRNA vaccine (CVnCoV), which used LNP
but not modified RNA, reached an efficacy of 48%.

Lipid r}aLr&%;;article
; N1-methyl-¥ Modified mRNA
Ugrr‘r‘l:%cz;if::z’dsr:ﬁgA / \ encoding Spike protein

protein f U AN1-methyl-¥
y

Ac
VA
UK
Injected
into arm

L
: [N1-methyl-W-modified mRNA]:
* Diminishing the activity of

Spike protein innate immune sensors

production by * Improving the translational
host cells capacity _
‘ * Increasing the protection of the
RNA against nucleases
Antibody
production

Unmodified vaccine:

Modified vaccine:
Lower efficacy (48%)

Higher efficacy (>90%)

Morais, P., Adachi, H. & Yu, Y.-T. The Critical Contribution of Pseudouridine
to mMRNA COVID-19 Vaccines. Front Cell Dev Biol 9, 789427 (2021).



Conclusions

1. Drug discovery is an interdisciplinary effort to solve medical and technical challenges.

2. Biological understanding, including sequence analysis, is key for indication and target

selection.

3. Modern drug discovery needs to address five key questions:

a.
b.

C.

Unmet medical need

Target(s) and modalities

Pharmacokinetics (what body does to the drug) and pharmacodynamics (what the drug
does to the body)

Safety (benefit/risk assessment)

Patient enrichment/stratification
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Interests and concerns of companies working on drug discovery:
summary of our previous discussions

Interests Concerns

« Low or no return of investment
— Lack of efficacy of drugs
— Unfavorable benefit/risk profiles of the drug
— No approval from agency
— Cost, time, effectiveness of R&D
— Competitor
— Poor targets or disease models due to lack
of reproducibility of published data
— Companion diagnostic
» Intellectual property
» |dea and knowledge management
» Acceptance by doctors and patients
» Legal concerns

* Return of Investment
— Commercial potential
— Cycle time
« Good reputation
— Efficacy of the drug
— Safety of the drug
— Market access
« Environmental, social, and governance (e.g.
fighting internal corruption, diversity of board
members).
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Chevron diagrams as a pipeline view of drug discovery and
development
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- Clinical Development FDA Postmarketing
. Drug Preclinical : .
Pre-discovery Biecove Bavelovmont Review & Evaluation /
Y P Phase I: FE’;‘ﬁase -yt Approval Phase IV
Safety cacy, Efficacy,
Safety Safety
T ——
Target proposal & assessment
Target-to-hit s - Lead
—=> PFw w OpHIMIZation  ppofinjcal _
Phase | Phasedi Phase Il Submission
to launch
- — — — D—)D—)D—PB Launch
-
| -
- Investigational New New Drug
Drug (IND) Application (NDA)

FDA: US Food and Drug Administration. Top: Wagner, J. A. et al. Application of a Dynamic Map for Learning, Communicating. Navigating, and Improving Therapeutic
Development. Clinical and Translational Science 11, 166—174 (2018). Bottom: Adapted from Paul et al. How to Improve R&D Productivity: The Pharmaceutical
Industry’s Grand Challenge. Nature Reviews Drug Discovery, 2010.
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Basic science research and target identification. What causes the
disease? What do we want to achieve? Which protein can | target with
which modality?

2. Target pharmacology and biomarker development. What is the effect of
targeting the protein? What we can measure to confirm that the protein is
properly targeted?

3. Lead identification. How can we find a starting point of a new drug?

4. Lead optimization and clinical candidate selection. What are criteria to
define a good drug? How can | improve the starting material?

5. Clinical research and development. Does it work in human? How about
efficacy and safety profiles?

6. Regulatory review. Should we approve the drug? Wagner, J. et al. A dynamic map for learning,
communicating, navigating and improving
therapeutic development. Nat Rev Drug Discov

7. Post marketing. How does the drug work in real world? 17, 150-150 (2018).
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The multiscale modelling view of drug discovery
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Drug Discovery Today

Zhang, Jitao David, Lisa Sach-Peltason, Christian Kramer, Ken Wang, and Martin Ebeling. 2020. “Multiscale Modelling of Drug Mechanism and Safety.”
Drug Discovery Today 25 (3): 519-34. https://doi.org/10.1016/].drudis.2019.12.009.
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Five key questions in drug discovery

1. What is the unmet medical need to be
addressed?

2. What are the target(s) and what is the
modality of our drug?

3. Where should the drug go in patient’'s
body, what does body do to the drug, and
what does the drug do to the body?

4. What is the safety profile of the drug in
light of its benefits?

5. Who are responsive to the drug, or
susceptible to adverse events?

The meta-question: What knowledge, data,
and tools do we have to address these
questions?
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Right target

e Strong link between target and disease
» Differentiated efficacy
e Available and predictive biomarkers

Right tissue

» Adequate bioavailability and tissue exposure

¢ Definition of PD biomarkers

¢ Clear understanding of preclinical and clinical PK/PD
* Understanding of drug—drug interactions

Right safety

» Differentiated and clear safety margins

* Understanding of secondary pharmacology risk

» Understanding of reactive metabolites, genotoxicity and drug—drug interactions
* Understanding of target liability

Right patient
* |dentification of the most responsive patient population
* Definition of risk—-benefit for a given population

Right commercial potential

» Differentiated value proposition versus future standard of care
* Focus on market access, payer and provider
* Personalized health-care strategy, including diagnostics and biomarkers

Morgan, P. et al. Impact of a five-dimensional framework on R&D productivity at
AstraZeneca. Nature Reviews Drug Discovery 17, 167-181 (2018).
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