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Ratings (n = 39, ¢ mean % SD)
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Summary of the most learnings

Hughes et al. (2010): what surprised you most?

Scale of the funnel
“200 000 to >10° compounds ... hone down to one
or two candidate molecules”

Potent # drug
“a molecule can be very potent but useless as a
drug”

Validation is subtle
“validation is way more subtle than | had first
thought”

Time & cost
“12-15 years and cost more than $1 billion”

Business, not only science

“the hardest part of stopping a failing drug
isn't always scientific”

Artefacts

“the effect could come from an impurity and not
the compound itself”

Paul et al. (2010): what surprised you most?

Headline numbers
“only about 8% ... ever actually make it to
launch”

Fail early, fail cheap
“deliberately increasing Phase | failure could
save money”

Phase Il attrition
"66% of compounds fail in phase II”

More R&D # more drugs
“doing more R&D does not necessarily mean
becoming more productive”

Industry economics
“with better resources, there is a poorer
output”

Personalised medicine

“targeting a smaller group of patients does not
necessarily reduce the value ..."




Selected questions and comments

e If we consider drug discovery as an optimization

o . .. . 1 What changed since 2010?
problem, what it is trying to optimize? (David’s “What is the situation 16 years later? Are the
framing) Are there potential issues associated [PEBEEISHERGECdies
with the optimization view? Will pharma learn , ___Whentostop?
. . —_— how do they avoid giving up on a drug that
the bitter lesson: computational power might work?”
outperforms domain understanding in the long Industry structure
run? - | don’t know, have my bet though. ARIEY S e RTeRasee
e Why things work in animals often do not work in Reading load
“Reading 2 is a bi h”
human? - There are many reasons. To start, SRS REE SRS
disease models are not diseases. Scientific approach
"why thii that K il imal don't
e When and how to stop? How about false B
negatives? | wish | knew the answer. ML / Al
. . “a network that takes as input a target and
e How about failed projects: are there efforts outputs a list of potential hits”
sharing the molecules and learnings? - Yes, for
instance Donated Chemical Probes. How to read faster? - Ask, Read, Explain, Repeat.
e Views about generics and country-specific Until then: In case you find it is too much reading
regulatory interactions are ignored - YES. and you did not read or finish, please reply so - you

are not judged.


https://en.wikipedia.org/wiki/Bitter_lesson
https://en.wikipedia.org/wiki/Bitter_lesson
https://www.thesgc.org/donated-chemical-probes

Moore’s versus Eroom’s Law
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Adapted from graphs by Hannah Ritchie and Max Roser and by Jim Keller

New drugs per Sbillion

R&D (log scale)

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 Sbillion R&D ~

01 !
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Year
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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

AMIDD 2026 Lecture 3:
The What, Who, and How (continued)
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Drug Discovery Today

PD Dr. Jitao David Zhang, Computational Biologist

" 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



Outline

1. How: The multi-scale views of drug discovery
2. What. Modalities
3. Who: Arole game



Glucagon-like peptide 1 (GLP-1) and chemical derivatives

GLP-1 is a 30- or 31-amino-acid
peptide. It is derived from a protein .
(preproglucagon) encoded by the gene | peptidase degradatio

GCG in the human genome. J\/f\/\/\/\/\/\/\/\’r I\AKN/\/O\/\O X = Aib

0\/\ /\/NH -
Endogenous GLP-1 has a half-life of Semaglutide er for 0 - H2N>§(

z }' nd

about 2 minutes, making the natural | | T | >

form a poor drug candidate due to its HQN—HXEGTFTSbVSSYi.EGQAAKEFIAWLVRéRG-coog
pharmacokinetic (PK) behaviour.

Synthesized agonists have similar

Figure from Knudsen ef al.

sequences but much longer half-lives 2019
due to chemical modifications.
Examples include: SEMAGLUTIDE 1 HXEGTFTSDVSSYLEGQAAKEFIAWLVRGRG 31
+ Semaglutide (top, Novo Nordisk, GLP-1 1 LAééllléé\[/_g\lfléééuLéll/lnlqlL\I/Kclsécla 31
approved, half-life: about 1 week)
» Taspoglutide (bottom panel, tested TASPOGLUTIDE 1 HXEGTFTSDVSSYLEGQAAKEFIAWLVKXR 30
in Phase Il trials, discontinuation SRR RN RRRR AR
due to hypersensitivity and poor Gl GLP-1 1 HAEGTFTSDVSSYLEGQAAKEFIAWLVKGR 30

tolerability)

C18diacid LyGlu bis-aminodiethoxyacety! " Sk ToT prventing.


https://www.frontiersin.org/articles/10.3389/fendo.2019.00155
https://www.frontiersin.org/articles/10.3389/fendo.2019.00155

GLP-1 binds to its receptor GLP1R to induce insulin secretion

a
GLP-1 is secreted from the intestine after nutrient

intake. GLP-1 binds to its receptor GLP1R, and the
binding event activates intracellular signaling and
stimulates glucose-dependent insulin secretion.

GLP1R is a GPCR (G protein-coupled receptor) found
on pancreatic B cells and other cell types in the body.

Peptide 5

Extracellular

Left: crystal structure of GLP-1
(orange) bound to a fragment of

GLP1R (green) (PDB: 310L) GLP-1R

Right: ribbon representation of
GLP1R bound to an agonist
peptide. The transmembrane
domain, or TMD, is coloured
cyan. The extracellular domain,
or ECD, is coloured brown.

Intracellular

A. Jazayeri et al. (2017), “Crystal structure of the GLP-1 receptor bound to a peptide agonist,” ,
https://doi.ora/10.1038/nature22800, Nature


https://www.rcsb.org/3d-view/3IOL
https://doi.org/10.1038/nature22800

Mechanisms of blood glucose reduction by GLP-1 in
pancreatic a (alpha), B (beta), and & (delta) cells
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The cartoons give a simplified summary of our current understanding of how GLP-1 reduces blood
glucose levels by acting on different pancreatic cell types. Direct and indirect effects of GLP-1 on other
cells may employ other mechanisms.

Z. Zheng et al. (2024), “Glucagon-like peptide-1 receptor: mechanisms and advances in therapy,” , https://doi.ora/10.1038/s41392-024-01931-z, Signal Transduction and Targeted Therapy


https://doi.org/10.1038/s41392-024-01931-z

Organ-level effects of GLP-1 medicines: established and

potential benefits

The benefits of GLP-1 medicines have been
demonstrated in multiple outcome trials for
people with

cardiovascular disease,

peripheral artery disease (PAD),

liver disease, kidney disease,

Heart Failure with preserved Ejection
Fraction (HFpEF), and

e oObstructive sleep apnea

Multiple new GLP-1 medicines are under
investigation for a wide range of indications.

{ Substance use
4 Alzheimer’s, Parkinson’s
4 Inflammation

Blood vessels Airway/lungs
U Atherosclerosis ¥ Obstructive
sleep apnea
4 Stroke
VYPAD
Heart
Improves HFpEF
5 J Myocardial
Liver infarction
¢ Inflammation
¥ Fibrosis Endocrine
Pancreas
Kidney 1 Insulin
4 Glucagon
4 Chronic kidney =
disease 4 HbA1c

Systemic effects

{ Inflammation
4 Insulin resistance

1 Weight loss

Drucker, Daniel J. “The Expanding Landscape of GLP-1 Medicines.” Nature Medicine 32, no. 1 (2026): 47-57. https://doi.ora/10.1038/s41591-025-04124-5.
HbA1c: glycated haemoglobin A1c. Oral semaglutide Alzheimer’s trials (EVOKE/EVOKE+) did not meet their primary endpoints (reported by the end of 2025).



https://doi.org/10.1038/s41591-025-04124-5

Late-life semaglutide treatment
slows ageing and extends

lifespan in female mice
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Feng et al. put 20-month-old female mice from an inbred laboratory
strain on a calorie-restricted diet or treated them with semaglutide.
The results suggest that GLP-1 receptor activation and calorie
restriction slow ageing through overlapping but distinct mechanisms.

Y. Feng et al. (2026), “Late-life semaglutide treatment slows ageing and extends lifespan in female
mice,” , https://doi.ora/10.1038/s41586-026-10940-7, Nature; News and Views: Weight-loss drug

slows ageing in female mice by Maria Emilia Fernandez & Rafael de Cabo

a Condition

Aged female mice

Calorie restriction
24% calorie deficit

Weight-loss drug
Semaglutide

€ Diverging effects

{ Daytime metabolic rate

b cConverging effects

1 Physiological function

4 Molecular hallmarks
of ageing

1 Lifespan

Open enclosure

Hunger
- signalling
in brain

No hunger
signalling

1 Exploratory behaviour
1 Spatial memory
1 Glucose control


https://doi.org/10.1038/s41586-026-10940-7
https://www.nature.com/articles/d41586-026-02468-7
https://www.nature.com/articles/d41586-026-02468-7

A zoo of modalities
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MRNA vaccines



Novel drugs approved by the FDA’s Center for Drug
Evaluation and Research (CDER) in 2025

Small molecules usually have a
molecular weight (MW) less than 1000
Daltons.

Oligonucleotides: MW between 5 and
30 kDa (5000-30000 Da), negatively
charged

— siRNA: small interfering RNA

Proteins: MW ~150 kDa

— mADb: monoclonal antibody

— Bispecific: antibodies that bind
simultaneously to two antigens or
two epitopes of the same antigen.

Approvals by modality Oligonucleotides

Proteins

Adnectin

Enzyme

Bispecific
antibody

ADC

LN

mAb— 7

Antisense —= siRNA

Small molecules

—

Small
molecule

Peptide

Kinase
inhibitor

Fig.3| CDER approvals by modality. Small molecules, including peptides of up to 40 amino acids in length,
and oligonucleotides are approved as new molecular entities. Protein-based candidates are approved
through biologics license applications. ADC, antibody-drug conjugate; mAb, monoclonal antibody; siRNA,
smallinterfering RNA. Source: Nature Reviews Drug Discovery.

Source: Asher Mullard, Nature Reviews Drug Discove

2026. The list can be found on FDA’'s website
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https://www.nature.com/articles/d41573-026-00001-z
https://www.fda.gov/drugs/novel-drug-approvals-fda/novel-drug-approvals-2025

Relative contributions of modalities have remained constant
in the past three years
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Approval data since 1993

604

| M BLAs M NMEs|

Approvals by FDA’'s Center for
Drug Evaluation and
Research (CDER):

6

504

e BLA: Biologics License
Applications (mainly
antibodies)

e NME: New Molecular
Entities (small
molecules,
oligonucleotides).

s
o
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Fig.1|Novel FDA approvals since 1993. Annual numbers of new molecular entities (NMEs) and biologics
license applications (BLAs) approved by the FDA’s CDER. See Table 1 for new approvals in 2025. Products
approved by CBER, including vaccines and gene therapies, are not included in this drug count (Table 2).
Source: FDA.



New drug approvals classified by therapeutic areas
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Cardiology: heart
Dermatology: skin
Hepatology: liver
Haematology: blood
Infectious diseases:
infections due to viruses,
bacteria, fungi, etc.

Medical genetics/rare
diseases: genetic disorders
Metabolism &
endocrinology:
metabolism and hormones
Nephrology: kidney
Neurology: brain and
peripheral nerves
Oncology: cancer
Ophthalmology: eye
Pulmonary: lung
Reproductive: reproduction
and sex
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Offline activity for lecture 2

1

Keytruda

(Pembrolizumab)

2

Mounjaro
(Tizepatide)

&Eﬂﬂlﬂ

3 Eliquis

(Apixaban)

$22.404 Billion
Cardiology/Vascular Diseases

4

Ozempic
(Semaglutide)

Dupixent
(Dupiumab)
]
&b

F -4
%

$18.633 Billion

6 Skyrizi

(Risankizumab)

7 Darzalex
(Daratumumab)

$14.351 Bilion

8 Biktarvy
(Bctegravk/Emiricitobine/Tanolove Alsfenomide)
A
\ ot 4
o 3

g mﬁ

CF’ "‘Y“S«

$14.334 Billion

9

Jardiance
(Empagiiflozin)

Zepbound

(Tizepatide)

1

Wegovy

(semaglutide)

$12.505 Bilion

Nutritional Deficiency

12

Opdivo

{Nivolumab)

$10.863 Bilion

13 Trikafta

(Elex occhov/Tewccﬂull Ivacaftor)

O}CF
§ »—(I B

?é;m

3‘0312 Ble

14

Ocrevus
(Ocrelizumab)

$9.133 Billion

15

Farxiga
{Dapagifiozin)

o
OH
HOUOH
|\" (o) 0,
OH

Cl

$8.998 Billion

16 Rinvoq

$8.304 Billion

Top 20 pharmaceuticals by sales in 2025

Poster compiled by the Jon Njardarson group at University of Arizona
(https://njardarson.lab.arizona.edu). Citation: J. Chem. Ed. 2010, 87, 1348.

17 Xtandi

{Enzalutamide)

Fi.c.  ON

SYN
F. N o
H
_N
o

$8.237 Billion

Questions: (1) How many of them are
small molecules, proteins, and
oligonucleotides, respectively ? (2) Are
there other modalities? (3) What patterns
do you observe? (4) Do you have
explanations for these patterns?

18 Eylea

(Afiibercept)

19

$8.001 Billion
Ophthalmology

Entresto
(Sacubitril/Vaisartan)

$7.748 Billion

Cardiology/Vascular Diseases

20

Tagrisso
(Osimertinib)

18


https://njardarson.lab.arizona.edu/sites/njardarson.lab.arizona.edu/files/NjardarsonGroup2022Top200PosterV5.pdf
https://bpb-us-e2.wpmucdn.com/sites.arizona.edu/dist/9/130/files/2026/06/Top200DrugsPoster2025V1.pdf

The social context of drug discovery: a role-playing game

We consider a case study of developing new drugs to treat
complications caused by type 2 diabetes, affecting ~10%
of adults (20_79 y) worldwide (Switzeﬂand: 4-6%, of whom Map 3.2 Estimated age-standardised country prevalence of diabetes in adults (20-79 years), 2024.
~28% are not diagnosed), with the possibility to expand it :
to the obesity indication.

L
We divide the classroom into the following personas: ,\

1. Researchers (biology, medicine, Al, etc.): doing
whatever research you want to do and getting funded

2. Research funding agency: giving fundings to any
research problem, T2D is only one of them.

3. Patients: suffering, unfortunately, from T2D and its S
complications e
4. Medical doctors: an medical expert in T2D who see 7-<9%
patients regularly = o
5. Drug discovery company: determined to enter the s
T2D market o . IDF Diabetes Atlas 2025 (11th version), The International Diabetes
6. Insurance company: negotiating the price Federation (IDF). Swiss data is acquired from
7. The regulatory agency: drug approval https://diabetesatlas.org/data-by-location/country/switzerland/

Questions: (1) What are your main interests and
concerns? (2) With which groups do you wish to
collaborate? Why? Rank the partners by priority. (3) What

; 19
are the best-case and worst-case scenarios for you?


https://diabetesatlas.org/resources/idf-diabetes-atlas-2025/
https://diabetesatlas.org/data-by-location/country/switzerland/

Statistics and forecast

Map 1 Number of people with diabetes worldwide and per IDF Region, in 2024-2050 (20-79 years)

World

852.5 Million ° 45%

increase
588.7 Million

Europe (EUR)

72.4 Million ° 1 0%

increase

65.6 Million

North America and Caribbean (NAC)

68.1 Million ° 21 %

increase

56.2 Million

South-East Asia (SEA)

184.5 Million ° 73%

increase

106.9 Million

IDE Diabetes Atlas 2025 (11th version)

Africa (AFR)

59.5 Million 142%

increase

24.6 Million

Middle-East and North Africa (MENA)

162.6 Million ° 92%

increase

84.7 Million

South and Central America (SACA)

51.5 Million 4 O/
° incéasce,

35.4 Million

Western Pacific (WP)

253.8 Million ° 1 8%

increase
215.4 Million


https://diabetesatlas.org/resources/idf-diabetes-atlas-2025/

Some changes beyond scientific progress in recent years

Rise of biotech and
orphan indications
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Rise of R&D in China
and emerging markets

deals

2 (4%) 1(2%) 1(2%)
China to
Western

\“/
8
Deals

Asset stage (2024)

I Preclinical M Marketed

M Phase | M Not disclosed
M Phase Il I Pre-registration
M Phase lll

Orphan indications: fewer than 1 patients out of 200,000 people (U.S. definition) Adapted from SSchuhmacher, Alexander, Oliver Gassmann, Sebastian Kwisda, Malte
Kremer, Markus Hinder, and Dominik Hartl. “The R&D Productivity Challenge: Transforming the Pharmaceutical Ecosystem.” Drug Discovery Today 30, no. 11 (2025):
104494. https://doi.org/10.1016/j.drudis.2025.104494; Schuhmacher, Alexander, Oliver Gassmann, Sara Knapp, Dominik Hartl, and Markus Hinder. “New Perspectives
for Better R&D Performance: Lessons Learned from Leading Pharma Companies.” Drug Discovery Today 31, no. 3 (2026): 104677.
https://doi.org/10.1016/j.drudis.2026.104677; Tang, Leon ‘Jun.’ “Analysis of China-to-West Pharmaceutical Licensing Deals in 2024.” Nature Reviews Drug Discovery
24, no. 6 (2025): 411-12. https://doi.org/10.1038/d41573-025-00068-0.



https://doi.org/10.1016/j.drudis.2025.104494
https://doi.org/10.1016/j.drudis.2026.104677
https://doi.org/10.1038/d41573-025-00068-0

