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Goal-directed, context-sensitive tooling

Or what | learned from Veronika about living in the age of Al
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Video abstract (3:33)
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Tool type (events)

Our understanding of nature is far
from being perfect: Despite
millennia of domestication, livestock
have been largely excluded from
discussions of intelligence. Much in
biology remains to be discovered
and learned.

Computational and mathematical
biology is a tool: | wish to explore
three questions with you in this
course: (1) what goal do we pursue,
(2) in which context do we use which
tools, and (3) how to become a
proficient and creative tool user?


https://www.youtube.com/watch?v=SGVo41MuLiQ&t=212s

Administrivia L,

e Please fill the pre-course survey.

e Grades are given by participation (50%) and
offline activities (50%).

e | hope that the course is more a seminar than a
lecture: share your questions and let’s discuss!

e Any more questions?


https://forms.gle/AkEfguThEr4YFpDq6

Part 1: Intuiting drug discovery
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A linear view of drug discovery 2

Target identification & assessment
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Mathematical and computational biology

contributes at all R&D stages

Target identification & assessment

- Target-to-hit . Lead
- Hit-to-lead
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e Target identification from
experiments and observations
e Modality selection

Mode of action understanding °
ADME/PK and PK/PD

Assay selection
Safety prediction and evaluation [

In vitro-in vivo-human translation
e Mechanistic understanding of clinical findings
e Informing future projects with clinical outcome

e Screening cascade design Biomarker identification
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Questions that we will address in this course -

V: For which patients will the drug
work and how does it work, really?

Target identification & assessment

Target-to-hit Lead
By,  it-to-lead optimization s
— Preclinical h Submissi
Phase | Phase || Phase Il R
l‘ - - , : to launch
— — — — — | — —p — Launch
-

III./VVhat kind of drug should we develop?
IV. What efficacy and safety profiles can we expect?

. What makes a good drug target?
ll. What can we do if there are no good targets? ;



Part 2: Pondering a few numbers
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The Eroom’s Law

Number ot NMEs per billion US$ R&D spending
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R&D productivity of leading pharma
companies (2001-2020)
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Relationship between new molecule entities =

(NMEs) and spending as well as employees
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Clinical activities of large pharma companies .:.

TABLE 1

Compilation of clinical development activities of leading pharmaceutical companies (2006-2022)

Sponsor Total IDs Phase | Phase Il Phase Il Phl:Phlll ratio Total clin trials New drugs LoA (%)

AbbVie 86 192 131 244 0.79 567 7 8.14 .

Amgen 95 180 150 177 1.02 507 13 2281 LoA: "ke:'h?OdkOf

Astellas 58 288 148 164 1.76 600 5 8.62 ?ﬁg’;%iéiﬁy gfo"v“ as

AstraZeneca 129 770 336 491 1.57 1597 17 13.18 technical and regulatory

Bayer 82 298 202 264 1.13 764 14 17.07 success (PTRS), covers

BI 59 812 222 265 3.06 1299 8 13.56 from the first-in-human

BMS 164 510 392 248 2.06 1150 23 14.02 study to drug approval

Eisai 38 162 113 74 2.19 349 7 18.42 and marketing

Eli Lilly 108 558 321 338 1.65 1217 12 100 authorization by the FDA.

Gilead 82 97 204 156 0.53 457 14 17.07

GSK 187 935 646 623 1.50 2204 17 9.09 Schuhmacher, et al. 2025.

Roche 234 525 466 472 1.11 1463 27 11.54 "Benchmarking R&D

J&J 143 651 297 349 1.87 1297 21 14.69 Success Rates of Leading

Novartis 174 412 720 694 0.59 1826 29 16.67 Pharmaceutical

Novo 29 352 82 257 137 691 6 20.69 Companies: An Empirical

Pfizer 234 1123 514 578 1.94 2215 27 11.54 Analysis of FDA Approvals

Sanofi 128 227 320 455 0.50 1002 17 1328 (2006-2022)" Drug

Takeda 62 189 191 342 0.55 722 10 16.13 Discovery Today 30 (2):
104291,

Total 2092 8281 5455 6191 19 927 274 bﬁ:gg%%%gf 016/.d

Mean 116 460 303 344 1.40 1107 15 14.31 Teeeas e

The data compilation includes the number of new active substances (IDs) studied in clinical trials (2006-2022), the number of clinical trials per company and phase, the Phase l:Phase Ill ratios, the
number of new drugs approved by the FDA per company and the resulting likelihood of approval (LoA) of leading pharmaceutical companies (also during 2006-2022).
Data source: clinicaltrials.gov and FDA homepage. Abbreviations: Bl, Boehringer Ingelheim; BMS, Bristol Myers Squibb; GSK, GlaxoSmithKline; J&J, Johnson & Johnson; ID, new active ingredient

tested in clinical trials.
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Clinical trial success rates by phase and
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https://doi.org/10.1093/biostatistics/kxx069
https://doi.org/10.1093/biostatistics/kxx069

Failure analysis of Phase Il and lll trials:

2011-2012 (1.) & 2013-2015 (r.)

Bl Efficacy

B Safety

[ Strategic

B Commercial
[ Operational

Arrowsmith, John, and Philip Miller. “Phase Il and Phase Il Attrition Rates
2011-2012.” Nature Reviews Drug Discovery 12, no. 8 (August 1, 2013):
569-569. https://doi.ora/10.1038/nrd4090; Harrison, Richard K. “Phase Il and
Phase Il Failures: 2013-2015.” Nature Reviews Drug Discovery 15 (November
4, 2016): 817-18. https://doi.ora/10.1038/nrd.2016.184.

B/ Commercial
B Efficacy
[ Operational

B Safety
B Strategy
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https://doi.org/10.1038/nrd4090
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Number of terminated trials

Failure analysis of terminated Phase Il and llI

trials: 2013-2023
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2023.” Nature Reviews Drug Discovery, 2025

Harrison. “Analysis of Phase Il and Phase lll Clinical Trial Terminations from 2013 to
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Part 3: Embrace system thinking

BBBBB
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Human Biology as a Complex Adaptive System o4

Complex adaptive systems are
characterized by

1. Hierarchy,

2. parallel information
channels,

3. conditional actions
(if/then),

4. modularity, and
5. adaptation and evolution.

- e 3 ) 5

- 5 Y e |
252 2l N Tes §
SNy

Examples of complex adaptive (5ot it
system include economics, L

weather, and social systems. . temporal/causal

Molecular modelling ‘ hlerarChy 18

spatial hierarchy
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Biology as a Complex Adaptive System
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Case study: signaling pathways and networks that are
crucial to the immune response.

e Multiple pathways (a-d) are involved in viral defense ~

(parallel information channels)
e Signaling pathways act with if/then logics =
e Signaling molecules are organized in modules.

© Interferon pathways |

Typel interferons
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Schematic representation of chromosomes, DNA, and

genetic variants in a diploid cell

LocusA = =

Centromere
LocusB = =

Pair of homologous
chromosomes
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5' end: end portion of the DNA molecule with a
phosphate group bound to a single deoxyribose
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L
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L
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Aand T pair

together forming
two hydrogen bonds

3' end: end portion of the DNA molecule with a
deoxyribose bound to a single phosphate group

Locus A

Hartwig, Fernando Pires, Neil Martin Davies, Gibran Hemani, and George Davey Smith. “Two-Sample Mendelian Randomization: Avoiding the Downsides of a Powerful, Widel

)

Locus B

Glossary

> Alleles: variant forms that a locus may present.

> Forward or positive strand: the DNA strand that is read from the 5' to the 3' end
(eg, the 5' TTAG...T 3' strand in the figure).

> Genetic variant: locus with more than one allele in a population.

> Genotype: combination of alleles that an individual presents at a given locus.

> Locus (plural loci): a specific location in a DNA sequence.

> Palindromic SNP: SNPs whose alleles correspond to nucleotides that pair with
each other in a double-stranded DNA molecule. SNPs with A/T or G/C (as in

locus B below) alleles are palindromic SNPs.

> Reverse or negative strand: the DNA strand that is read from the 3' to the
5'strand (eg, the 3' AATC...A 5' strand in the figure).

> Single nucleotide polymorphism (SNP): a type of genetic variant that involves
single base pair changes.

C and G pair
together

forming three
hydrogen bonds

Locus A Locus B

Type of genetic Single nucleotide  Single nucleotide

variation polymorphism polymorphism
. 3 Alleles (5'to 3') Aand G Cand G
Alleles (3'to 5') TandC GandC
o Genotype (5't0 3') AG CG
Gz=3 C Genotype (3'to 5') TC GC
e
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Applicable

but Potentially Fallible Technigue.” International Journal of Epidemiology 45, no. 6 (2016): 1717-26.


https://doi.org/10.1093/ije/dyx028
https://doi.org/10.1093/ije/dyx028
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Fig.1| Genetic variants associated with severe COVID-19. a, Manhattan plot
ofagenome-wide associationstudy of 3,199 hospitalized patients with

COVID-19and 897,488 population controls. The dashed line indicates genome-

wide significance (P=5x107%). Data were modified from the COVID-19 Host
Genetics Initiative? (https://www.covidl9hg.org/). b, Linkage disequilibrium
between theindexrisk variant (rs35044562) and genetic variantsin the1000
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Figure: minor allele
frequency at rs35044562, a
risk allele for SARS-Cov-2
that we inherited from
Neanderthals, in different
parts of the world.



https://www.ncbi.nlm.nih.gov/snp/rs35044562

Linear views tend to be both useful and dangerous o4

Target ID Modality
& Validation selection

Basic science
& real-world observations

Drug discovery is both dynamic and
nonlinear, full of feedback and feedforward
loops. Different part of the system can
interact in highly complex and unexpected [Assay ey &]{Lea GIIEIR S

Screening

The same can be said for human disease ,

. . . Preclinical _andidate :
and drug-body interaction. We build one ~ Selectior
complex system to intervene another one. /

Book recommendation: Thinking in
. Phase | Phase Il Phase Il
Systems: A Primer, by Donella Meadows. (efﬁcacy/dose)
| created the graph with the help of Claude Code. The concept is Inspired by Wagner, John, /

et al. "A Dynamic Map for Learning, Communicating, Navigating and Improving Therapeutic Regulatory Market Approval
Development.” Nature Reviews Drug Discovery 17, no. 2 (2018). Review & Phase IV
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https://research.fit.edu/media/site-specific/researchfitedu/coast-climate-adaptation-library/climate-communications/psychology-amp-behavior/Meadows-2008.-Thinking-in-Systems.pdf
https://research.fit.edu/media/site-specific/researchfitedu/coast-climate-adaptation-library/climate-communications/psychology-amp-behavior/Meadows-2008.-Thinking-in-Systems.pdf
https://doi.org/10.1038/nrd.2017.217
https://doi.org/10.1038/nrd.2017.217

Target Product Profile defines what a drug looks like

Mechanism and mode of action
In vivo efficacy

Potency and efficacy

Preclinical pharmacology

Preclinical safety

Chemistry, manufacturing, and
controls (CMC)

Diagnostics and biomarkers

Commercial

Pharmacokinetic/pharmacodynamic (PK/PD) relationship

Human pharmacokinetics and dose prediction

Metabolism, clearance, and target tissue distribution

Drug-drug interactions: CYP (cytochrome P450) induction, inhibition (inc. time-dependent)
Combination therapy

Regulatory guidance about requirements and experiment design

In vivo studies: single/repeat dose toxicity, metabolites

In vitro studies: genotoxicity, cytotoxicity, off-target activity, hERG (human ether-a-go-go-related
gene), BSEP (balt salt export bump)

GMP (Good Manufacturing Practice) grade synthesis, number of steps, manufacturing timelines
Drug substance and drug product stability

Formulation supporting the selected route of administration

Global access

Measurements that may stratify patients, predict pharmacokinetics, efficacy, safety, and potentially
lead to dose adjustment, for example metabolites, protein abundance, DNA mutation, etc.

Cost of good (CoG)
Demographics and patient population
Market share

TPP defines the what, not the how: goal-driven, context-sensitive, Adapted from Demarest

creative tool use is asked!

et al. (2025)
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Preposition and take-home messages oAk
e Drug discovery is a time-consuming, risky, and dynamic process with potentially high
return of investment.
e Human (disease) biology is a hierarchical complex adaptive system. We learn about
their fundamental principles and approaches to studying them.
e Drug discovery aims at identifying new agents interacting with or modifying biological
molecules in order to modulate disease status.
e We will explore both principles of biology and learn about mathematical and

computational tools.

The goal is to gain an understanding of interactions and dynamics of the biological
system, and to improve the odds of successful drug discovery.
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Offline activities  ~  au

1. Fill the pre-course survey.

2. Read Analysis of phase |l and phase lll clinical
trial terminations from 2013 to 2023 by Bowling et
al. (Nature Reviews Drug Discovery, 2025),
including the supplementary information. What

surprises you most?
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https://www.nature.com/articles/d41573-025-00208-6
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12.
13.
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Backup and License
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Learnings from numbers

1.

Cost of target assessment and identification is
not explicit.

. Clinical studies are expensive, but picking a

wrong target is twice as expensive.

It is probably wise to infer efficacy and safety
profiles of drugs as accurately as possible.

BBBBB
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Drug Discovery

Biology

Math./Comp.

Target identification,
assessment, and
phenotypic screening

Genomics
Genetics

Gene expression
Chemical biology

Statistical modelling
Machine learning
Mechanistic modelling

Drug modality and
preclinical modelling

RNA, antisense
oligonucleotides, and
antibodies

Gene expression
Network analysis

Monte-Carlo methods
Generative models
Clustering

Biomarker, clinical
modelling and reverse
translation

Population genetics
Gene expression
Pharmacokinetics and
pharmacodynamics

Causal analysis
Machine learning
Agent-based modelling

30



Common modelling approaches

e Statistical modelling and machine learning
e Causal inference
e Mechanistic modelling

o ODEs (compartment models)

o Agent-based models (particle models)

o Networks (graphical and boolean models)

BBBBB
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Chroma: a generative model for proteins and
protein complexes learning from evolution

a Collapsed Generation: reverse polymer diffusion Protein Design network All-atom
polymer complex complex
system Training: forwards polymer diffusion backbone

g

b Noisy structure Predicted denoised structure C ) ) »
X, Confidence-weighted Xy(x,, 1) Time-dependent prior + Time-dependent conditioner(s)

predicted inter-residue geometries . log[p,(x)] log[p,(ylx)]

&,

}‘;i Symmetry

Random graph . G . Equivariant u Substructure
neural network = })‘ geometry solver .
D e e {7\ < R 6 Shape
T AN
om) : S8\ "@ff S }§ Lzl Semantics
or 55\ ™~
O(Nlog[N]) P o, k(?’ Time-dependent posterior
edges | log[p,(x|y)]
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A multiscale-modelling view of drug discovery:::

Forward translation
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Molecular modelling Omlcs and cellular modelling il Organ and system modelling Population modelling

Reverse translation

Drug Discovery Today
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Complementary views of biological systems -

Metabolism

Energy

Information machine
Evolution
Computing machine
Network
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An example of complementary views ;

We want to work on hepatocarcinoma (liver cancer) and have the following
information about a potential target X:

X is a receptor expressing on the surface of most cell types;

Upon binding ligands, X activates innate immune response;

Gene sequence of X is conserved in primates but not in rodents;
Protein X interacts with protein Y, which is essential, namely Y knockout
causes lethal embryos;

e Asian population has a unique genetic variant in the non-coding region
of X:

Discussion: what are the consequences of having these information?
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Right target

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

Exercise

Right tissue

* Adequate bioavailability and tissue exposure

* Definition of PD biomarkers

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

Right safety

e 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

Wh e re d O yo u th i n k * |dentification of the most responsive patient population

* Definition of risk-benefit for a given population

m ath e m ati Ca I a n d Right commercial potential

e Differentiated value proposition versus future standard of care

CO m p u tati O n a I b i O I Ogy * Focus on market access, payer and provider

* Personalized health-care strategy, including diagnostics and biomarkers

will make a difference? .

Nature Reviews | Drug Discovery



Nine steps toward reproducible research

Version control (git)

Don’t Repeat Yourself (DRY)

Keep It Simple, Stuipid (KISS)

Automatic testing (pytest/Hypothesis, testthat, GitHub Actions)
Documentation (sphinx, pkdown)

Dependency Management (conda, packrat)

Containerization (Docker/Singularity, Bioconda/conda-forge)
Pipelining (Snakemake, NextFlow, drake)

Self-reporting analysis (Jupyter Notebook, Rmarkdown)

© 00 NSO OWDN-=
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Arguments for reproducible research

e Egoism and altruism
e You will have to do it again

e Sustainable long-term work
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Tao, Path, or Way

Shu, Technique, or Art
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Learn more about reproducible research

e The Missing Semester of Computer Science

e Software Carpentry (Unix Shell, Git, Python & R)
e Genomics Workshop of Data Carpentry

e (lean Code by Robert C. Martin

e Open-source tutorials of respective tools, such as
sphinx, Snakemake, conda, or docker. Videos or
podcasts work just as fine.

BBBBB
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https://missing.csail.mit.edu/
https://software-carpentry.org/lessons/
https://datacarpentry.org/lessons/#genomics-workshop
https://www.oreilly.com/library/view/clean-code-a/9780136083238/
https://sphinx-tutorial.readthedocs.io/start/
https://snakemake.readthedocs.io/en/stable/tutorial/tutorial.html
https://docs.conda.io/projects/conda/en/latest/user-guide/getting-started.html
https://docker-curriculum.com/

This work is published at MCBDD.ch under a Creative Commons
Attribution-ShareAlike 4.0 International License.

Contact the author
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https://creativecommons.org/licenses/by-sa/4.0/

