Single cell-based Analysis of cancer and host
proteome interactions by Deep Visual Proteomics

@labs_mann Matthias Mann

Andreas Mund, Fabian Coscia,

Andreas Brunner, Marvin Thielert, Florian Meyer

Max Planck Institute of Biochemistry,
Martinsried, Germany

The Novo Nordisk Foundation Center for Protein
Research, Faculty of Health and Medical
Sciences, University of Copenhagen

MAX-PLANCK-GESELLSCHAFT

............
The Novo Nordisk Foundation
Center for Protein Research



What proteomics can analyze

from Hein ... Mann, Handbook of Systems Biology, 2012



Minimalistic proteomics

Cellular biology Clinical applications
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The proteome landscape of the kingdoms of life
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Advantages of single cell (type) proteomics
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Trapped ion mobllity spectrometry (TIMS)

Florian Meier

\J ’

Andreas Brunner

Catherine Vasilopoulou

Johannes Miller

Analyzer 1 Analyzer 2

Intensity

Intensity
Elelectrical field

TIMS elution time (ms)

LC elution time (min)

©

« TOF analyzer

lon interface Quadrupole
Dual TIMS analyzer @
- - - -

T | co— e §l O T T —
° L - & 2 ST
Q e g . .
E - H - —
8 — s TIMS elution time (ms)
€] TIMS elution time (ms)

Y

TIMS elution time (ms)

Meier, ..., Mann, J. Prot. Res. 2015
Meier, ..., Mann, Mol. Cell. Prot. 2018

Vasilopoulou, ..., Mann, Meier, Nat. Comm.
2020

SW/S



Parallel Accumulation followed by SErial Fragmentation (PASEF)

3. Parallel lon Accumulation and Elution
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Parallel Accumulation — Serial Fragmentation (PASEF)
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TIMS PASEF lipidomics
IJMS 2011

bioRxiv 2019

A 3
n W

Silveira, ..., Park
100% duty cycle

IJMS 2017 Single-cell

proteomics

Meier, ..., Mann
PASEF
JPR 2015

iaPASEF
diakAS Clinical

proteomics

Beck, ..., Mann Meier, ..., Mann
Bruker impact |l Online PASEF
MCP 2015 MCP 2018

CCS prediction

Interactomics



Mass spectrometry-based proteomics to enable single-cell analysis

Fluorescence-activated cell sorting

Laser capture microdissection
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A modified Trapped lon Mobility Spectrometer coupled to a Time-of-Flight analyzer
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Raw intensity increase
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Single cell proteomics on FACS sorted cells
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Quantitative reproducibility on protein level
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Evosep nanoflow

N
In EvoTip single cell processing
¥ Advantages
S B > - One-pot reaction
Ll [ - No transfer step
- Peptides directly immobilized
ONE - Peptide elution in ~20 nl volume

- Peptides pushed by single pump
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A novel LC system embeds analytes in pre-formed gradients for rapic, ultra-robust proteomics
Bache, ..., Mann, 2018, MCP

Disclaimer: MM is an indirect investor in Evosep



diaPASEF for increased ion sampling
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diaPASEF: Bottom-up proteomics with near optimal ion usage
Florian Meier, Andreas Brunner, ..., Ruedi Abersold, Ben C. Collins, Hannes L. Rost, Matthias Mann, 2019, bioRxiv,

accepted in Nature Methods
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36 single HelLa cell proteomes
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Unsupervised clustering and principal component analyis of 36 single HelLa cell proteomes
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Biological process enrichment in the HelLa single cell proteome dataset
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Fabian Coscia

Deep Visual Proteomics

Archived patient Highly multiplexed
tissue samples microscopy

High-parametric images with -
subcellular resolution ‘

Intelligent
image-based
single-cell
isolation

Machine learning
algorithms are
trained to >
predict cellular &
phenotypes

Image segmentation
using deep learning
Single-cell isolation using laser

capture microdissection

"' ' ) Clinical Knowledge Graph Ultra-high sensitivity proteomics
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(Archived) patient tissue samples

Cancer
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Neurodegenerative diseases
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(Archived) patient tissue samples
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Image Segmentation with Deep Learning Training
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Image segmentation using
deep learning
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Software

Machine learning algorithms to predict cellular phenotypes
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Laser Microdissection | Precise single cell isolation




Proteins specifically expressed in serous salivary glands

most abundant
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o 17% of total protein mass
o CAB
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https://www.proteinatlas.org/humanproteome/tissue/salivary+gland



https://www.proteinatlas.org/humanproteome/tissue/salivary+gland

Cell type specific proteomes
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Subcellular proteomics of individual cells

nuclei
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Fully automated single-nuclei isolation




Single cell isolation with subcellular spatial resolution
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Phenotypic differences of 5 nuclei classes (DAPI dense regions) used for unsupervised clustering
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5 nuclei classes (DAPI dense regions) show distinct proteomics profiles

Individuals - PCA
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5 nuclei classes (DAPI dense regions) show distinct proteomics profiles
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Integrating image data with protein abundance for (sub)cellular phenotyping

Protein atlas

Deep visual proteomics

https://www.proteinatlas.org/
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https://www.proteinatlas.org/

Systems biology at the imaging and at the proteomic levels

Protein atlas

Deep visual proteomics
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https://www.proteinatlas.org/

Next directions...

b 3D feature extraction
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It is going to be a lot of fun...

Magnification: 40 x
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