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My background and current role 
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Bachelor and Master in Biology in Colombia

Domestication and genetic diversity of Lima 
beans in the Americas

2011

PhD in Life Sciences, UNIL - SIB

Computational biology in plant evolution

2016

Martha Liliana Serrano Serrano

Colombia, Zapatoca

Maria Isabel Chacón

Nicolas Salamin

Journey from evolutionary biologist to clinical research and development 
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Journey from evolutionary biologist to clinical research and development 

Principal Scientist in Roche

Data & Analytics for preclinical and clinical 
project support (biomarker analysis)

2025

Postdoctoral fellow in Roche (RPF)

Target discovery using CRISPR pooled 
genetic screens

2018

Martha Liliana Serrano Serrano

Senior Scientist in Roche 
Preclinical studies using bulk and single cell 
transcriptomics

2018

Andreas Roller, Tobias Schmidt

Petra Schwalie, Iakov Davydov

 Jan Attig, Nicolas Städler

Colombia, Zapatoca

A key lesson: the principles of modeling, data analysis, and 
understanding complex, adaptive systems—which I learned in 
evolutionary biology—are the exact same principles I apply today 
to human cancer

https://careers.roche.com/global/en/the-roche-postdoctoral-fellowship-programme
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Pharma research and early development pRED 
A global team of scientists dedicated to translating science into medicines

Employees around the 
world

pRED has delivered 
many “firsts” for 

Roche and with that 
created new 

opportunities  

Basel, Zurich, Munich,  
New York and Welwyn 

Since 2014, 
> 8,000,000 patients 
have been treated with 

pRED molecules

Cardiovascular and Metabolism, 
Immunology, Infectious Diseases, Neuroscience, 

Oncology, Ophthalmology and Rare Diseases for new inventions in 
2024

Our pipeline consists 
of approximately 50% 
LMs1, 35% SMs2 and 

15% RMs3, ADCs4 
and GTs5

in 2024 with at least 
one of the main 

authors being from 
pRED

2,900
Five innovation 

centres

96 patent 
applications 

Multiple disease areasWe are uniquely 
positioned to apply 

artificial 
intelligence and 

machine learning

155 publications

1: Large Molecules, 2: Small Molecules, 3: RNA Molecules, 4: Antibody-Drug Conjugates, 5: Gene Therapies
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What drives me, what is the challenge? 
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My motivation and the grand challenge
The evolutionary arms race of cancer

Innate and acquired drug resistance (Kermi et al. 2022)

Tumor heterogeneity (Vickers 2024)

Targeted 
therapies

Strong selection 
pressure

Subclones with mutations

Persistence and expansion 
leading to relapse

https://www.frontiersin.org/journals/cell-and-developmental-biology/articles/10.3389/fcell.2022.826461/full
https://onlinelibrary.wiley.com/doi/book/10.1002/9781119834090?src=getftr&utm_source=scopus&getft_integrator=scopus
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My motivation and the grand challenge
The evolutionary arms race of cancer

Innate and acquired drug resistance (Kermi et al. 2022)

Tumor heterogeneity (Vickers 2024)

Targeted 
therapies

Strong selection 
pressure

Subclones with mutations

Persistence and expansion 
leading to relapse

Understanding complex biology Going ahead of tumor evolution

https://www.frontiersin.org/journals/cell-and-developmental-biology/articles/10.3389/fcell.2022.826461/full
https://onlinelibrary.wiley.com/doi/book/10.1002/9781119834090?src=getftr&utm_source=scopus&getft_integrator=scopus
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How [computational] oncology drug discovery works?
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What do we do at Roche?
How drug discovery works and what is my contribution… and how our skills are essential

Target Identification and validation 
requires disease understanding, 

hypothesis generation and validation 

Does target contribute to cancer growth?
Will inhibition lead to tumor regression or 
increased survival?

Clinical trial execution, patient 
monitoring, reverse translation

Hypothesis-driven trials
Understanding of resistance and 

finding predictive biomarkers

Hoelder et al. 2012

Molecule production, characterization 
and performance: 

Compound screening for protein binding, 
compound stability and selectivity, in 

silico binding prediction.

Natural Sciences

Preclinical models
Confidence on growth inhibition, 

target modulation, safety

Mathematics/ 
chemoinformatics

Computer Sciences

https://doi.org/10.1016/j.molonc.2012.02.004
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What can we do next?
The power of scale (data), modeling, and hypothesis generation

Target Identification and validation 

Drug repurposing 
Understanding disease states (scRNA)
In-silico perturbations

Clinical trials
Liquid biopsies and adaptive trails

Models for reverse translation
Digital pathology and FM for new 

biomarkers

Preclinical models
More realistic 3D models 

Patient-derived tumoroids

Natural Sciences

Mathematics/ 
chemoinformatics

Computer Sciences

https://www.nature.com/articles/s41416-023-02502-9
https://www.biorxiv.org/content/10.1101/2025.04.11.648220v1
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Transcriptome-based classifier for TME and patients outcome 
Roller et al. 2024

Patients with 
diverse TME

TME: Tumor micro environment 
IHC: Immunohistochemistry staining 

Biopsies for IHC

Biopsies for 
transcriptome

We developed a transcriptome-based classifier that 
could accurately predict different spatial 
CD8+T cell infiltration patterns in the TME

High diversity of 
immune cells and 
high infiltration 

T cells are 
retained in the 
stroma

Limited 
intra-tumoral 
infiltration 

Inflamed phenotypes -> immune cells, fibroblasts, endothelial and mast cells. 
Desert phenotypes →  stromal genes and immunosuppressive environment

Classifier has lower performance for excluded in which spatial relationships are 
more difficult to capture by bulk transcriptomics. 

Innovation

https://jitc.bmj.com/content/jitc/12/4/e008185.full.pdf
https://en.wikipedia.org/wiki/Tumor_microenvironment
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Lessons learned and tips
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My key lessons learned
What are good skills? 
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Tips for our path 
My favorite to go Ten simple rules for doing a postdoc in pharma (Zhang 2021)

Get comfortable with 
probabilities 

Computational biology needs 
understanding p-values, confidence 
intervals and null hypotheses

Take a biology class
Focus on systems/molecular biology, 
genomics, built your biological intuition

80/20 rule
80% of our impact comes from 20% of our 
data, models and code. Focus on 
interpretability and robustness

Embrace the mess
Real world & experimental data is dirty, 
master data wrangling 

Learn R and Python, code 
is our new pipette

Learn version control (Git), command-line 
environment, workflow engines 
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We need the rigor (math), the efficiency (CS), and 
the domain knowledge (Nat Sci) to solve the 
world's most critical health problems, only in that 
way we can build the future of medicine.

https://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1008989
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“"She stood in the storm, and when the 
wind did not blow her way, she adjusted 
her sails,"” 
- Elizabeth Edwards
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Doing now what patients need next
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For what do we use LLM? 

● Scaling Large Language Models For Next-Generation Single-Cell Analysis Van Dijk lab @ Yale

● LLM for unseen perturbation prediction Kaspar Märtens 

Slides taken from a workshop, please do not 
distribute, see at  the material published.

https://www.vandijklab.org/c2s-scale
https://kaspar.website/
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How to prepare for this career path?
Pointers to Pharma postdoc programs

■ Take every opportunity to learn
■ Always balance decisions on what makes the most impact (for your career and others) 

but mostly what makes you happy!

■ Ten simple rules for doing a postdoc in pharma

“Final reward or incentive” in 
industry requires extensive 
disciplines collaboration.

“Collaboration, 
collaboration” … 
common goal

“Change is constant”: 
reorganization or 
reprioritization

Expansion of your 
personal network 
(interdisciplinary)

https://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1008989

