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Multidisciplinary models to try to understand biology, 
But, what is a model?



Modeling a famous System

Astronomia Nova, 

Johannes Kepler, 1609

https://solarsystem.nasa.gov/multimedia/display.cfm?IM_ID=178



Are there Kepler or Newton style laws in Biology?



Mechanical dynamics are “simple” in the sense that a few characteristics and coupled measurements predict the future
Example: A Spring System: 
Establish mass, stiffness and damping, measure displacement and plug into compact physical law equations → predict motion over time.

 

    

        

                state   position   velocity

A spring–mass system reduces motion to a few 
physical parameters.

Compact model
force balance

state-space dynamics

undamped intuition

The same structure appears in machines, 
suspensions, actuators, and vibrations.

 

 
             

closed orbits  energy trades between   and v

State space makes the prediction 
visual: one point contains the 
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Simplicity = observable quantities + physical laws + initial conditions →           b     o 
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N-body dynamics: simple physical law + many interacting states -> 
complexity & emergent properties

Each mass pulls on every other mass: simple pairwise equations compound into high-dimensional “comple ” behavior.

  

  

  

  

  

  

  
  

    y                         y o         
  bodies     positions     velocities   a coupled tra ectory in    dimensional phase space

Many mass points, one repeated rule: sum the pairwise 
interactions.

Simple equations
position and velocity for each body

pairwise Newtonian gravity

state vector

complexity grows fast

T   “ o   ”                 o           
many dimensions; projections look 

tangled and sensitive.

Same philosophy: measure masses + initial states + apply one force law repeatedly → emergent, complex motion



Biological systems: simple micro-local rules, exponential system complexity
Known molecule–molecule interactions can be written compactly, but they propagate across scales into nonlinear, context-dependent tissue behavior.

Molecule–molecule Cell–cell Tissue microenvironment Exposed tissue response

pair potentials
binding affinities

reaction rates adhesion · signaling
mechanical contact

diffusion fields
stress gradients

spatial constraints

growth

death

remodel

same laws, different context
→ different phenotype

Compact equations at each scale

Molecules:    ODEs to PDEs

Cells:        ODEs to PDEs

Tissue:      ODEs to PDEs

The notation stays concise — the coupled variables, feedback loops, and parameters multiply 
quickly.

Phase / state space becomes huge and entangled

x = {molecular concentrations, receptor states, cell positions, phenotypes, tissue fields, 
environment…}

dimension ≫ 2, nonlinear, multimodal, hierarchical, stochastic





Annotated measurement maps
A mathematical language for data annotation and biomarker discovery

Annotation space
𝒜

Measurement space
𝓜

m : 𝒜 → 𝓜

sample cell type

time modality

Data structures emerge when biological annotation is mapped into chosen geometries.
Mathematical modeling is performed on the triple (A, M, m) -> new triples. 

For example; we create new annotations and we transform the measurement data in different ways; 
the measurement map m is updated reflecting the modeling

Conceptual scaffold 10



From annotation factors to measurement objects
Choosing which annotations remain external and which become internal changes the shape of the data.

𝒜 = S × V

fixed sample s
⇢ vector m_s ∈ ℝ^p

all samples
⇢matrix X ∈ ℝ^{n×p}

𝒜 = S × T × V

fixed sample s
⇢ trajectory t ↦m(s,t) ∈ ℝ^p

biomarkers may be
paths or temporal patterns

𝒜 = S × T × V × Space

fixed sample s and variable v
⇢ spatiotemporal field

biomarkers may be
shape, flow, or dynamics

Annotation structure induces vectors, matrices, trajectories, and fields 11



Robust biomarkers as separation of the images of annotated domains

For dis oint domains A₁ and A₂ in annotation space, compare their images 
X₁   m(A₁), X₂   m(A₂) in measurement space.

Annotation space 𝒜

A 

A 

m

Measurement space 𝓜

Robustly disjoint neighborhoods 
⇒ robust identifiability

First robustness layer: metric separation 12



Geometry choices create different biomarker notions
The same annotation domains can become identifiable under e.g. graph distances, feature maps, or sparse coordinates.

Graph geometry Kernel / feature space Sparse signatures

Connect local neighbors; measure 
robust separation along paths.

A nonlinear map Φ can make 
classes linearly separable in ℋ.

Weight vectors have small support; a 
few coordinates define the signature.

selected genes / features

Identifiability is representation-dependent 13



Take-home synthesis
The same language unifies static biomarkers and dynamic biomarkers.

1 Annotate Define biological domains Aᵢ inside annotation space 𝒜. This is the realm where LLMs excel

2 Measure Map domains into measurement space: Xᵢ = m(Aᵢ). Here there is room for traditional 
mathematical and statistical modeling.

3
Choose 
geometry Metric, graph, Hilbert, kernel, path, or function space. 

4
Separate or 
mix Biomarkers separate Xᵢ , based on geometry choice define robustness

5
Assess 
robustness Use geometric ε-neighborhoods, statistical margins, sparsity to get robust identifiability

Biomarker discovery = robust, interpretable geometry of identifiable annotated measurement map domains.

Summary 14



Modeling and controlling immunodynamics
The Holy grail of modern biomedical research is to predict and control the human immune system

The immune system is

central in

• Autoimmune disease

• Cancer

• Infectious disease

• Neurodegenerative

disease

• And most other

human disease

conditions…



Homeostasis & Perturbations in the Immunity State Space

Healthy

Non Healthy

• The Immunity State Space is constructed
from « deep/precision longitudinal and 
integrated measurements » on cells and 
other biomolecular actors

• Disease (autoimmune, neurodegenerative, 
cancer) are often connected with low grade 
chronic inflammation, i.e. a new unfavorable
stable attractor in the state space

• The therapeutic goal is to, through
interventions, push patients back to a 
favorable (healthy) stable attractor



“If I have seen further, it is by 
standing on the shoulders of 
giants.“ Isaac Newton 1675

Transformation of 

Biomedical

Science, Research

and Development

Challenges and 

Opportunities



Recent transformative developments in Biomedicine

Disruptive Discoveries & Inventions:

• Discovery of the DNA Double Helix structure (1953)

• Recombinant DNA and Protein Technologies (1970s 
onwards)

• Monoclonal Antibody Technology (1970s onwards)

• The Human Genome Project (completed 2003)

• CRISPR Gene Editing Technology (2012 onwards)

• Emergence of Gene and Cell Therapies

+ Proliferation of Advanced Measuring Technologies:

• New sequencing technologies (e.g., Next-Generation 
Sequencing)

• High-throughput measuring techniques (e.g., proteomics, 
metabolomics)

= Result: Generation of increasingly rich, detailed, and 
complex biomedical datasets, driving insights and 
opportunities, but with the potential for unprecedented 
acceleration…



Moore’s law

Exp growth of Data volumes & 

Computational capacity & 

Data storage per dollar



Category Approx. rate now

All global data ~7.0 PB/second

Healthcare / biomedical proxy at 30% ~2.1 PB/second

Healthcare / biomedical proxy per year ~66 ZB/year



PubMed database currently grows at around 3 articles per minute 



And AI…
A Google Trends 
search on Artificial
Intelligence

Generative AI make the headlines





Infrastructure, data, compute and AI is growing exponentially BUT



The approximate cost 

to put a molecule on 

the market is around 

US $3.5 billion US 

dollars and the time 

needed to complete 

the R&D process is 

around 12–15 years.



26https://www.frontiersin.org/journals/drug-discovery/articles/10.3389/fddsv.2023.1201419/full

Drug discovery and development



Multiple factors might explain this lack of direct positive correlation between the underlying 
capabilities and resources in biomedicine and biotechnology on the one hand, and the capacity to 
deliver tangible results for patients on the other hand.  

• Better than the Beatles’ problem: An ever-growing catalogue of existing approved drugs 
continuously raises the bar for the development of new drugs 

• The “cautious regulator” problem: An ever-lowering of the risk tolerance of drug regulatory 
agencies raises the bar for the approval of new drugs 

• The “throw money at it” tendency: An ever-increasing tendency to, without introducing 
fundamental structural changes in the R&D processes, increase resources to R&D, which not 
necessarily correlates linearly with output

• The 'basic research–brute force' bias: The 'basic research–brute force' bias is the tendency to 
overestimate the ability of advances in basic research, and brute force screening methods to 
increase the probability that a molecule will be safe and effective 

Scannell, J., Blanckley, A., Boldon, H. et al. Diagnosing the decline in pharmaceutical R&D efficiency. 

Nat Rev Drug Discov 11, 191–200 (2012). https://doi.org/10.1038/nrd3681 



https://xkcd.com/3056/

BIOLOGY is complex and understanding takes time  



Baker, M. 1,500 scientists lift the lid on 
reproducibility. Nature 533, 452–454 (2016). 
https://doi.org/10.1038/533452a

Biological models are only partly verifiable



“We report the results of an international survey examining perceptions 

of reproducibility. Almost 3 quarters of participants reported that they felt 

there was a reproducibility crisis in biomedicine. The concern appears 

to apply to biomedicine overall, but also specifically to clinical research, 

in vivo research, and in vitro research (11% or fewer participants 

indicated that they think more than 80% of papers in each category 

were reproducible).”



Biomedical researchers’ perspectives on the reproducibility of research

PLoS Biol. 2024 Nov 5;22(11):e3002870. doi: 10.1371/journal.pbio.3002870



Software

Models

Data

Traditional vs AI- Machine Learning Computational Analysis

MLML

What is AI ?



Transformer : Translating light intensities in pixels to numbers

https://medium.com/@md-jewel/understanding-digital-images-for-image-processing-and-computer-vision-part-1-cc42be78cca1

Deep Learning (Convolutional Neural Networks) ) was first successful in Image Analysis 



https://commons.wikimedia.org/wiki/File:Typical_cnn.png

Expanding the variable (feature) space



And apply traditional Machine Learning like Support Vector Machines (SVMs)

An example of how to design a Predictor

https://en.wikipedia.org/wiki/File:Svm_max_sep_hyperplane_with_margin.png



Basic characteristics for Predictors

https://en.wikipedia.org/wiki/Sensitivity_and_specificity



Artificial intelligence in digital pathology: a 

systematic review and meta-analysis of 

diagnostic test accuracy

Clare McGenity, Emily L. Clarke, 

Charlotte Jennings, Gillian Matthews, 

Caroline Cartlidge, Henschel Freduah-

Agyemang, Deborah D. Stocken & 

Darren Treanor 

npj Digital Medicine volume 7, Article 

number: 114 (2024) Cite this article

Summary receiver operating 

characteristic plot of AI applied to 

whole slide images for all disease 

types generated from MetaDTA: 

diagnostic test accuracy meta-

analysis v2.01 Shiny App 

https://crsu.shinyapps.io/dta_ma/

ML image analysis is 

already quite mature



Brunyé TT, Mercan E, Weaver DL, Elmore JG. Accuracy is in the eyes of the pathologist: The visual interpretive process and diagnostic accuracy with digital whole slide images. J Biomed 

Inform. 2017 Feb;66:171-179. doi: 10.1016/j.jbi.2017.01.004. Epub 2017 Jan 10. PMID: 28087402; PMCID: PMC5316368.

The Human Baseline



Pigeons (Columba livia) as Trainable Observers of 

Pathology and Radiology Breast Cancer Images

Richard M. Levenson ,Elizabeth A. Krupinski,Victor M. 

Navarro,Edward A. Wasserman 

Published: November 18, 2015

https://doi.org/10.1371/journal.pone.0141357

And how good are Pigeons?



It is hard to predict, especially the future



Each of Deep Blue’s chips consisted of 1.5 million transistors 
……Together, the chips could churn through 200 million chess positions 
per second. That brute-force power, combined with clever game-
evaluation functions, gave Deep Blue decisive moves that Kasparov 
called “uncomputerlike.”

https://spectrum.ieee.org/chip-hall-of-fame-ibm-deep-blue-2-chess-chip

Chess as a toy-model for thinking about the future of Science
In Chess, Human vs Machine: In 1997 it was GAME OVER

“A chess problem is genuine mathematics, but it is in some way 'trivial' mathematics”.

From A Mathematician's Apology, a1940 essay by the British mathematician G. H. Hardy



https://www.kasparov.com/deep-thinking-ai/

“Machines have calculations. We have understanding. 
Machines have instructions. We have purpose. Machines have 
objectivity. We have passion….
….There is one thing that only a human can do. That’s to 
dream. So let us dream big.”

Kasparov contemplating the Human-Machine Partnership

Kasparov’s law: 
“A weak human + machine + better process was superior to a 
strong computer alone and … superior to a strong human + 
machine + inferior process.”

Take away: Focus on processes + interfaces…



https://www.youtube.com/watch?v=0T-1sG-sZLU

Hikaru Nakamura + Magnus Carlsen loose 
100% of their chess games vs Stockfish

Today, a computer-like move, means highest praise in chess…

• No human chess player today
stands a chance against a 
reasonable chess engine

• Accuracy in chess is estimated
based on best play as assessed by 
machines

• Training and analysis in chess are 
heavily machine dependent

Rating Stockfish on a human scale (e.g. FIDE Elo) has become an almost 
impossible task, as the difference in strength between it and humans is now 
so large that this difference can hardly be measured. 

https://official-stockfish.github.io/docs/stockfish-wiki



Where did Gemini find the data for the “First Proof” challenge?

Machines doing Mathematics. Some hallucinations from Gemini:











1Throughout this document, phrases such as “AI proof” or “GPT proof” all refer to the same file, which was first mathematically generated 

in one shot by an internal model at OpenAI, and then expositionally refined through human interactions with Codex.





Philosophy [i.e. natural philosophy] is written in this 

grand book—I mean the Universe—which stands 

continually open to our gaze, but it cannot be 

understood unless one first learns to comprehend the 

language and interpret the characters in which it is 

written. It is written in the language of mathematics, and 

its characters are triangles, circles, and other 

geometrical figures, without which it is humanly 

impossible to understand a single word of it; without 

these, one is wandering around in a dark labyrinth.

Translated from Il saggiatore by Galileo Galilei, published in Rome in October 1623.

Presenting the Scientific Method

The miracle of the appropriateness of the language of mathematics for the formulation of the laws 

of physics is a wonderful gift which we neither understand nor deserve. We should be grateful for it 

and hope that it will remain valid in future research and that it will extend, for better or for worse, to 

our pleasure, even though perhaps also to our bafflement, to wide branches of learning.

From THE UNREASONABLE EFFECTIVENSS OF MATHEMATICS IN THE NATURAL SCIENCES, Eugene Wigner, 

Communications in Pure and Applied Mathematics, Vol. 13, No. I (February 1960)

Mathematics as the language of Human Thought







Human or Machine moves… that is the question…

“The game may perhaps be criticised on the 
ground that the odds are weighted too heavily 
against the machine. If the man were to try 
and pretend to be the machine he would 
clearly make a very poor showing.”

Can machines think? Functional definition → The Imitation Game





• For computational sequential precision tasks in closed systems
(like chess) the machine outperforms the human

• For representing and processing complex relations in open 
systems (like daily life) the human outperforms the machine

By Google - https://www.google.com/recaptcha/intro/index.html, Fair use, https://en.wikipedia.org/w/index.php?curid=45398292

Completely Automated Public Turing test to tell Computers 
and Humans Apart (CAPTCHA)

Basic underlying test principles:



The roles of Machines and Humans
AI vs NI comparison: Silico  vs Vivo

Hardware vs Wetware

https://www.ukri.org/news/first-wiring-map-of-
neurons-in-insect-brain-complete/

https://thewire.in/science/new-transistor-design-
combines-best-high-low-performance-versions



https://www.cnet.com/tech/mobile/apples-a15-bionic-chip-powers-iphone-13-with-
15-billion-transistors-new-graphics-and-ai/

Apple's A15 Bionic chip powers iPhone 13 with 15 
billion transistors (15*10^9) with 15.8 trillion (15.8 * 
10^12) operations per second

Front. Neuroanat., 12 December 2017
Volume 11 - 2017 | 
https://doi.org/10.3389/fnana.2017.00118

A cat has around 1.2*10^9 neurons in the brain that
individually have a firing frequency between 0.1-300 
Hertz, resulting in approximately 10^10-10^11 
operations per second

Machine vs Organism Comparisons
Hardware vs Wetware



Iphone 13 has around 10 times more compute nodes and 100-1000 
times more operations per second than a cat (at maximum capacity)…



“The complete synaptic-resolution 
connectome of the Drosophila larval 
brain comprises 3016 neurons and 
548,000 synapses.”

• A cat has approximately 10^13 synapses (connections between neurons), which
is around 200 times more connections than an Iphone13…

• Organism nervous system functioning is highly parallel whereas machines are 
fundamentally sequential

The Connectome and parallelism





Natural Intelligence -- Animals sleep



https://www.nationalgeographic.com/animals/article/jumping-spiders-dream-rem-
sleep-study-suggests

“Here, we report evidence for an REM sleep–like 
state in a terrestrial invertebrate: periodic bouts 
of retinal movements coupled with limb 
twitching and stereotyped leg curling behaviors 
during nocturnal resting in a jumping spider.”

Natural Intelligence -- Animals dream



Our data show that the flies’ active exposure to the carousel 
fulfils all criteria of play-like behavior (PLB): it is of no 
immediate relevance for survival, the flies engage with the 
carousel voluntarily, repeatedly, in a stress-free environment 
and in a non-ethotypical manner, and the seeking behavior 
strongly

Natural intelligence -- Animals play

Drosophila melanogaster



Clinicians have always observed patients and measured

• Stethoscopes→Microscopes → Deep and holistic
biomolecular measurements

• Static measurements of few variables →
Longitudinal measurements of many variables

• Human-Machine Partnership for analyses, 
evaluations and understanding

Medicine→ Precision Medicine



Game Over → Humans as creative and decision-making
artists in the Human-Machine Partnership

• Individual Human Knowledge → Connected Global Knowledge
• Future transformative processes & interfaces
• Legal & Ethical & Psychological implications…

?







Modeling and controlling immunodynamics
The Holy grail of modern biomedical research is to understand and control the human immune system

The immune system in

• Autoimmune disease

• Cancer

• Infectious disease

• Neurodegenerative

disease

• And most other

human disease

conditions…



Homeostasis & Perturbations in the Immunity State Space

Healthy

Non Healthy

• The Immunity State Space is constructed
from « deep/precision longitudinal and 
integrated measurements » on cells and 
other biomolecular actors

• Disease (autoimmune, neurodegenerative, 
cancer) are often connected with low grade 
chronic inflammation, i.e. a new unfavorable
stable attractor in the state space

• The therapeutic goal is to, through
interventions, push patients back to a 
favorable (healthy) stable attractor



Petter Brodin
Nature Reviews | Immunology volume 19 | February 2019 | 87

• “Human immune systems are relatively stable within 
individuals over the course of weeks to months, but 
incredibly variable between individuals”

• “…induced responses to pathogens differ markedly 
among different age groups and… these differences 
are unique to different kinds of stimuli”

General Systems Immunology knowledge
suggest e.g. using individuals as their own control 

https://www.milieuinterieur.fr/en/



Nature June 2012

Nature March 2010

• 3 × 10^13 
human cells

• As many
bacterial cells

• Around 10 
times as many
viruses.

The human model is complex and context dependent

A very dynamical
system…



The complex « Human Dynamical System »

Human biology might be modeled as a 
hierarchical system of connected and 
interacting dynamical complex
systems of 
• …
• Molecules→
• Cells→
• Tissues→
• Organs→
• Organ complexes →
• Organisms→
• Populations →
• ….



“We found a total cellular mass 
turnover of 80 ± 20 grams per 
day, dominated by blood cells and 
gut epithelial cells. In terms of cell 
numbers, close to 90% of the 
(0.33 ± 0.02) × 10^12 cells per 
day turnover was blood cells.”

Time dynamics: ~ 4 million human cells die (and are created) per second in a human body 

Nature Medicine | VOL 27 | January 2021 | 45–48 | 
www.nature.com/naturemedicine

“The most recent rigorous census has estimated
the number of cells in the adult body to be approximately
30 ± 0.5 × 10^12, of which about 90% are from the 
hematopoietic lineage, mostly red blood cells.”



http://www.bates.edu/gould-research-lab

Some (log) length scales of Life



Computational modeling experience tells us 

that « Life operates in low dimension »
A typical example: Invitro stimulated mouse dendritic cells

0-0.5-2-4-6-8-12-16- 24h bulk mRNA expression for all 10716 genes

(two samples per time point)  result in approximately 1 dimensional

trajectories embedded in low (<7) dimensional space:



A small sub-part of the full 96 times 10716 matrix, representing 10716 genes

and 96 samples for the invitro stimulated mouse dendritic cell data:

How to anayze and visualize high dimensional measurements?



PCA on the real data set capturing 39% of 

the variance in 2D (50% in 3D)

PCA on corresponding randomized data 

capturing 2% of the variance in 2D (3% in 

3D)

Illustrating that life operates in low dimension…



STATISTICAL LEARNING & VISUALIZATION →

ACQUIRING INSIGHTS AROUND PATTERNS IN DATA 

RELATED TO BIOLOGICAL VARIATION

Design and Photo: Emilia Fontes 2016



Exploratory Data Analysis vs Confirmatory Data Analysis

John Wilder Tukey (1915-2000)

Inventor of the FFT, the Box plot and the word 

“bit”.

1977



First question: What should it mean to be similar?

-> Choice of similarity measure or distance function

Example genuine metrics:

Examples: 

•Different types of edit distances for e.g. sequencing data

•L2 or Euclidean distance for quantitative data

•L1 or Manhattan (or Taxicab) distance



The “unit sphere” in the  L1 norm. A constraint  formulated with this 

norm favors sparse vectors. The idea behind the Lasso, see 

Tibshirani, R. (1996). Regression shrinkage and selection via the 

lasso. J. Royal. Statist. Soc B., Vol. 58, No. 1, pages 267-288). 

The normal “unit sphere” in the standard L2 norm 

The “unit sphere” in the L∞ norm 

Effects of different similarity measures or distance functions 



Feature extraction and selection to “understand” phenotypic variation

→ clustering & classification → Biological Insights

Sample space population

Measurements

Data

Data Analysis



How to explore MULTI-OMICS data?

• N=10-10^5 Samples

• P=10-10^10 Variables 

How to find relevant structure?

Problems:
•Noise

•Artifacts: technical, batch effects,..

•High Dimension 

•Often few samples and many variables

Visualize and Analyze the data

• Choice of “similarity measure”

• Choice of dimension/model-

reduction method = choice of 

“objective function”



Classification of pediatric acute lymphoblastic leukemia by gene expression profiling

Mary E. Ross et al.

Blood 2003 102:2951-2959; doi:10.1182/blood-2003-01-0338 

Data available at https://www.stjuderesearch.org/site/data/ALL3/

Example Data: Affymetrix chip 22282 ProbeIDs and 132 Samples



Dimension reduction techniques: Classical PCA

22282 variables 132 samples

PCA based on the 

correlation 

matrix;

Mean centering 

and normalizing all 

variables to unit 

variance

Distances: Euclidean        Objective function: Total Variance

ALL (Leukemia) samples
mRNA bulk



We can use a Scree plot to obtain a rough estimate of 

the global dimension of our data set







Duality of PCA → Bi-plot after 

optimization over projection score



MDS based on graph distances



Original SNE
Sam Roweis and Geoffrey Hinton

tSNE
Van der Maaten

Kullback Leibler

Relative Entropy

Stochastic Neighbor Embedding (SNE)

Original distances

Distances in reduced space



Stochastic Neighbor Embedding (SNE) and tSNE

tSNE

tSNE



UMAPS

UMAPS



Dangers with exploratory analyses:  ANOVA on Random data

Filtering using ANOVA on a 22282*132 dataset with significance threshold p=0.05 

on random data resulting in 1108 “significant discoveries” + PCA visualization.                 

Note that 0.05*22282 =1114.1  



ANOVA on ALL dataset

Filtering down to 1000

Variables (p=6e-13) 



The p-value distributions

randomized

q-value computation







lead to R implementation in 

Bioconductor →

Google search for q value estimation



Where to find and deposit biomedical data?

https://www.nature.com/sdata/policies/repositories



https://www.ebi.ac.uk/

https://www.ebi.ac.uk/services



https://www.ebi.ac.uk/gxa/home



https://ega-archive.org/



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



https://www.ncbi.nlm.nih.gov/sra



https://www.ncbi.nlm.nih.gov/geo/





https://www.immport.org/home

https://www.immport.org/shared/home



https://www.broadinstitute.org/

https://www.broadinstitute.org/data-sciences-platform



https://terra.bio/ - A joint effort between the Broad Institute & Microsoft & Verily

https://terra.bio/


https://www.ga4gh.org/

Formed in 2013, the Global Alliance for 
Genomics and Health (GA4GH) unites an 
international community dedicated to 
advancing human health through genomic 
data. We build technical standards and policy 
frameworks and tools that will expand 
responsible, voluntary, and secure use of 
genomic and other related health data. 



https://www.tiobe.com/tiobe-index/

Interacting with Data - Software tools



What tools do I use?
→ Python and R are still dominating in bioinformatics

https://www.r-project.org/



https://www.bioconductor.org/



Interactive data analysis using e.g. RShiny web-applications 

https://gdc.cancer.gov/analyze-data

https://gdc.cancer.gov/



https://cri-iatlas.org/

https://isb-cgc.shinyapps.io/iatlas/



On June 15th 2023 Aviv Regev
received the L’Oreal-Unesco for 
women in science award “for her 
pioneering work applying 
mathematics and computer 
science to revolutionize cell 
biology.“https://www.humancellatlas.org/

Focusing on Cells – The basic units of Life

https://data.humancellatlas.org/





https://www.singlecellatlas.org/



https://scverse.org/ MISSION
scverse is a consortium of foundational tools (mostly in 
Python) for omics data in life sciences. It has been founded to 
ensure the long-term maintenance of these core tools.

scverse
A library of 
single cell
analysis
algorithms and 
computational
models



https://broadinstitute.github.io/wot/
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