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Al is changing how we do science

PERSPECTIVES / ARTIFICIAL INTELLIGENCE
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Mass-produced
science is coming.
What happens to
scientists?

Artificial intelligence may soon enable

researchers to generate high-quality science at
a previously unimaginable speed. For science
consumers—the public, medical patients,
technology users—the likely effects will be
positive. For scientists, the effects will be as

disruptive as industrial mass production was
for artisan manufacturers.

Reliable results: Discerning high-quality from low-quality analysis will be a major challenge
in the era of Al-produced science.
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A vision for computational biology: the virtual cell

A Multi-modal measurements
across different scales of the cell

Genomic informatior
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Al virtual cell
foundation model
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Multiple levels:

°* Representations
Pre-train models to turn large
datasets into reusable embeddings
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What is pre-training and what is the point?

pre-train transfer ( )
‘foundation model’ information %/
(self-supervised)

_®

large unlabelled samples small (expert-labelled)
(text, images, cells,...) target data
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How does it work conceptually?

O

Large biological Pre-training Learned @ Downstream
dataset model embedding task

@ Which organisms\, @ A @ A
mOda“tles_’ What was the model What question do
techpglogles, asked to do we want to answer
conditions, .. during pre-training? using the model?

\_were observed?) \_ ) \_ )
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Common pre-training objectives

genes
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tokens

Language:
predict the next or masked word

Images:
reconstruct masked patches

Protein sequences:
predict masked amino acids

Single-cell gene expression:
reconstruct masked genes
(random or in an ordered sequence)

Spatial omics:

f

.

Biology is not

natural language
Variables are often proxies,
there is no single universal
natural biological token,...

J

reconstruct based on neighbourhood context
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How to evaluate whether we’ve learned anything?

* Did the model optimize its training objective?

* Can we recover biological signal in the representation, like cell type, tissue,
morphology, stage?

* Does it improve over training from scratch or simpler alternatives?
* Does it generalise to a new donor, study, tissue, species, or perturbation?

* Is it scientifically useful? Does it help generate hypotheses, prioritize experiments, or
reveal something new?
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Let’s look at an example

Data Xenium spatlal transcriptomics breast cancer sample (cropped tissue section image)

T
B

macro
dendritic
mast
perivas
endo
myoepi
DCIS1
DCIS2
tumor
stromal
unassigned

@ oo 000

Data from Janesick et al. Nat Comm 2023




Let’s embed the H&E i |mage W|th CONCH

Article = Published: 19 March 2024

Avisual-language foundation model for computational | oo om=x 7o o ore G

& CONCH Ppuslic
pathology |

14 ¥ n¢ % Hugging Face Models
Ming_ Y. Lu, Bowen Chen, Drew F. K. Williamson, Richard J. Chen, Ivy Liang, Tong Ding, Guillaume -~ . Image taken from
Jaume, Igor Odintsov, Long Phi Le, Georg Gerber, Anil V. Parwani, Andrew Zhang & Faisal Mahmood |  m con @ CONCH https://aithub.com/
[} Image Feature Extraction  timm PyTorch English  pathology  vision  visionlanguage &

FFFFFFFFF mahmoodlab/
Nature Medicine 30, 863-874 (2024) | Cite this artice = § ltcuion omfesdvesonGo)  @commity @ CONCH
Edit model card

Gated model You have been granted access to this model

Model Card for CONCH

*  Download the code from GitHub and the model weights from HuggingFace
* Figure out how to process data, set hyperparameters, set prompts...

Run one model forward pass on the example image:

* Tile image in patches and embed with CONCH image encoder
* Embed query text prompts with text encoder
* Compute image-text similarity in embedding space

- get tiles that are most similar to a prompt like ‘invasive breast carcinoma’
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https://github.com/mahmoodlab/
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CONCH embeddings for a few text prompts

‘Lymphocyte-rich immune infiltrate’ ‘Tissue that enjoys Shakespeare’

‘Invasive breast carcinoma’ ‘Adipose tissue’

EMBL




Let’s embed the gene expression data with CellWhisperer

Article | Open access | Published: 11 November 2025 r ——— Soddab.orfiabul N
. . . ttps: whisperer. .org/tabulasapiens X
Multimodal learning enables chat-based exploration of S = https://cellwhisperer.bocklab.org P
single-cell data . :
Query: structural cells with immune functions T T
Moritz Schaefer, Peter Peneder, Daniel Malzl, Salvo Danilo Lombardo, Mihaela Peycheva, Jake -
e ) %. The selected cells appear to
Burton, Anna Hakobyan, Varun Sharma, Thomas Krausgruber, Celine Sin, Jérg Menche, Eleni M. be fibroblasts derived from

the decidua tissue of a
female individual at 10 post-
conception weeks.

Tomazou & Christoph Bock &

Nature Biotechnology (2025) | Cite this article

What are active biological
functions in this sample?

The active biological
functions in this sample

& ik include extracellular matrix
4 > organization, collagen
z:ﬁ '\ formation, immune response,
i v el ™ and cell proliferation.
;, e visual Can you tell me more about the
% selection immune response?

The immune response in this
sample appears to be related
tn intarfaran-ctimulatad

type your request

Image taken from Highlighting by text query

https://cellwhisperer.bocklab.org Send request
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CellWhisperer demo on the example data

|0 celixgene o %:Ocels 20cels
& CellWhisperer

B celtype > n

B chuater
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@ Scan or go to A
http://192.168.178.33:5005
(only within eduroam!)

Of=40
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& cotwhaperer_um g 5190 out of 5190 cells

stromal

O

ry:

‘vascular endothelial cells’

‘cycling proliferating tumor
cells’ and then describe
the cells

‘cells from lung tissue’

‘cells who prefer R over
Python’...

-> should map
to orange ‘endo’
cluster

—> should highlight
subset of tumor-like
cells with markers
like MKI67,
TOP2A, STMN1

-> should return
nothing because
this is a breast
cancer sample
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Common pitfalls

Shortcut learning

Data leakage

Overconfidence (especially out of distribution)

Larger training data doesn’t necessarily lead to better generalisation

Evaluation too close to pre-training / no true zero-shot evaluation
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Winkler et al. JAMA Dermatology 2019 DenAdel et al. Nat Methods 2026




Summary

* Al is changing computational biology (and science in general) on multiple levels:
representations, predictions, workflows

* Vision of the ‘virtual cell’: universal representations

* Pre-training: train models on large datasets using self-supervised objectives,
to learn representations that generalise and enrich analysis of smaller target data

* Think of a learned embedding like a map:
how useful it is depends on the terrain in which you're using it

* Models can capture biological signal but typically don’t flag when they don’t know

*  Keep in mind common failure modes and
check whether models improve over simple baselines
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Thanks for listening!

Questions?
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