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Understand the cellular underpinning of health & disease
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Can we understand a system if
we can predict its behavior?
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single-cell genomics

model state change using
machine learning
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Vision - learn optimal perturbations

Jricorder”

quantify
state
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Single cell genomics
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disease state &
treatment

predict
drug effect



Unbiased description of cellular state M

100k  single-cell genomics
is becoming big data
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Single cell analysis for understanding cell fate in health & disease

Neurolagical
diseases

DISEASE

HEALTH

Cancer —/* =~ 28

Machine
Learning
Healthy
cells INTERCEPTIVE
MEDICINE
- Early detecticn
Cardio;lggusleaé » Molecular mechanisms
| o ke - New drug targets
Infectlous diseases andiermpies
diseases

HELMHOLTZ MUNICI2
Rajewsky, Almouzni, Gorski et al, Nature 2020
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Example: learning cellular decisions in‘guit formation
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Bottcher et al, Nat Cell Bio 2021 (w Lickert lab)



less stem cells in high-fat diet

EP
scRNA-seq Enterocyte |}
GP
Goblet cell |}
AR R, i . EEP
intestinal R _, EEC I
stem cells BE: o & P
R - Tuft cell |§ m control
NA " ¥ high-fat diet
0 5 10 15 20 25 30 35 4
Cells (%)
Observation: Diseases such as diabetes alt
Treatment aim: Manipulate this by adequate drugs
10 HELMHOLTZ MUNICI3 Bottcher et al, Nat Cell Bio 2021

Aliluev et al, Nat Metabo 2021



Number of tools in database
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Software matters: computational tools in single cell genomics

trend: increasing machine learning questions asked to single cell data Luke Zappia
www.scrna-tools.or .
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Zappia & T, ,Over 1000 tools reveal trends in the single-cell RNA-seq analysis landscape”, Genome Biology 2021



- . , AR, | HUMAN
Single-cell organ atlases as basis for under~*~~i~~ h~nsl+h nCld

Whole lung
Tiscue single-cell suspensions

mouse lung atlas: Angelidis et al, Nat Comm 2019
~ human lung atlas: Vieira Braga et al, Nat Med 2019
integrated human lung atlas: Sikkema et al biorxiv
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Building a cell atlas?

Reference assembly

Anchor datasets

Stuart et al. Cell 2019

Transfer
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Benchmarking single cell data integration

itlas would be a collection of cellular reference maps,
:h of the thousands of cell types in the human body and
ind.
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Luecken et al. Nat Methods 2022 |§




Deep learning for latent space modeling & integration

Reconstruction

Genes

Bottleneck
layer

Eraslan et al, Nat Rev Gen 2019

Fncoder Decoder

Latent space:
add biological priors

example: linear perturbation effects
Lotfollahi et al, Nat Methods 2019

NeurlPS data integration competition (>280 scientists):

all winning models use neural networks

14 HELMHOLTZ MUNICI3 Luecken et al, Proc NeurlPS 2021



Building an integrated lung cell atlas

Raw count data Genes Level 1 Level 2

Human Lung Cell Atlas
Core

14 datasets
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The integrated human lung cell atlas

Immune Epithelial Endothelial and stromal
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The integrated reference atlas enables ...
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Query-to-reference data integration by transfer learning

traditfenbdamsicigine learning RIS LT:

learnin
task 2
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nature
biotechnology

Single-cell dataincontext

Lotfollahi et al, Nat Biotech 2022



Query-to-reference data integration by transfer learning

public reference datasets

study 1

study 2 pre-training of
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reference models
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Projecting to the HLCA enables rapid analysis of new data

A spatial multi-omics atlas of the human lung reveals a novel immune cell
survival niche

O £l Madissaon. (0 Amanch ). Qlver, © Vi 1l Kleshenemikay, Anna Wilbreyp-Clark, & Krayszuof Poanskl
0 Ana Ribziva Ordd, Lire Mamarawa, & Usm Bole, Nathan Richo, 8 Ras Bimerg ke, © | #acridc Perr,
N Hung O Peng He, Monika Dabrowaka. O Scphie Priccherd, Le Tuck, O Elena Prigmore,

O Andrew Kngghs, © Agres Oxchinea. © Aderm Huresr, © Sara F Vieira. Ming Pate » Basal
0 Nikkas Georgaopoudas, & Krishnaa M\hht.bnn!. & Kearash sax:b_-Pmy. 9 Menr: Qarmorthy Deuterosomal
0 Qoner A1 Bagealmar, O Qlver Seegle, © Nacsuhikn Xomazaka, O Saran A Telcrmarn, O Kersen B Meyer
doiz htipsi!do.org/10.1 101:2021.11.26.4701 08 » Ciliated
S — S
Secretory

» lonocytes

e Brush Cell Tuft

» Neuroendocrine
SMG Serous
SMG Mucous
SMG Duct

e ATl

» AT2
Arterial EC

e Capillary EC

« Venous EC
Lymphatic EC

» Fibroblast lineage

* Smaoth muscle
Mesothelium
B cells
Plasma cells
T cell lineage

e Innate Lymphoid Cell NK
Dendritic cells

Macrophages
» Healthy Lung ) :::2:23;5
(New Data) ® New Data
HLCA

Data from Madissoon et al., bioRxiv (2021)
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Extended Human Lung Cell Atlas: mapping of disease-affected cell states

Human Lung Cell Atlas

Core ¢
0.30 -
Atlas extension by

- >

transfer learning £ 0.25 1
S
v

D 4y B
] . -
s © : ‘ @

. t -~ % 0.15 1
€, ~ o

- 1 © 0.10 1
Human Lung Cell Atlas \ ®
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0 00 - - » : T T
: : N i < Q 2 o
— label propagation uncertainty highlights disease-affected © N W ‘ Qoé\ \\\0'\’
cell states & signatures, e.g. for pulmonary fibrosis (Pé/‘ O
22 M calls Measure dataset-level uncertainty to capture residual batch effects

444 individuals

Works well for single-nucleus, single-cell, various sampling
methods, drop-seq, 10X, healthy, & most diseases

Sikkema et al, biorxiv 2022
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low

github.com/theislab/scArches

Querying an atlas for disease:
immune response for COVID19
on lung lavage samples
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Lotfollahi et al, Nat Biotech 2021



Outlook: differential biology - deep learning for modeling molecular mechanisms

Convolutional Group equivariant

S
88 1 11
Relational Attentional

NN )
O O O O O

network primitives and invariances
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. Translational invariance

. Rotational invariance

. Repeating dynamics
Non-locality

. Locality

Unordered

Principles based

.

Data driven
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Conventional
modeling

-> questions
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Differentiable
programming

: reuse primitives? add constraints?

AlQuraishi & Sorger, Nat Methods 2021



Outlook: towards adaptive ML via continual learning

Learn once Learn continually

new models (prior information) 1 ABS W
- model a particular modality/view of your problem = Nl =P <\ & Dot fA

- then analyse & interpret
- extend with prior knowledge or constrain with - \
mechanistic information «’(\J 5 Viee—-

Deploy once

Deploy continually
source: medium.com
new features
- add additional views to the model Features
- extend feature space, potentially link mechanistically

new data (samples)

- transfer to new domain

- reuse that model

- loop into experimental design (perturbations etc)

Samples

Spenn
e B n

o
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http://medium.com

github.com/theislab

pv;i w0.1.8 || docs passing § buikd passing

conclusion
» building an integrated Human Lung Cell atlas across 44 Human Lung Cell Atlas
Core
data sets

Atlas extension by

» SCArches & extensions: transfer learning for efficient transfer learning

reference atlas reuse

» sfaira - sc data management made simple

Human Lung Cell Atlas
outlook extended

» building large-scale & multimodal reference atlases
» sfairaZero: learning a 30M-cells organism-level atlas
» spatial transcriptomics -> towards multi-scale modeling

» (causal) learning from perturbations & el
experimental design

» towards continual learning o
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