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Minimalistic proteomics
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The proteome landscape of the kingdoméfef
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Clinical Knowledg@raph

A Framework to Extract Actionable Knowledge
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Clinical Knowledge Graph

The Database

Data model
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Making proteomics data actionable...the Clinical Knowledge Graph
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A Accelerating proteomic discoveries in biomedicine
A Open source tool for data integration, analysis and interpretation
A Automated project reports

https:// github.com/ MannLab$CKG



Theclinicalplasmaproteome

Biomarker discovery by
plasma proteomics

This poster illustrates the key aspects
discussed in the recent Review by Philipp
Geyer, Matthias Mann and colleagues. It
highlights that MS-based approaches are
not only promising for discovering new
biomarkers, but also offer new
opportunities for developing diagnostic
strategies based on a combination of
plasma proteome profiles with clinical data
and information on the patient’s history.
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Plasma Proteomerofiling

Automated Plasma Proteome
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Plasma Proteome Profiling
to Assess Human Health and Disease
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Diagnostic tool for early detection of liver disease is a clinical unmet need

Generalized chronic liver disease trajectory
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early detection HCC

>1 billion of the world population is affected by liver disease
Viral infection: 5% HBV and 2% HCV in global population
NAFLD: ~25% in general population

ALD: 10 15% alcoholics or heavy drinkers develop cirrhosis
Fibrosis: 6 7% adult population without known liver disease
Cirrhosis: 0.27% in the United States

Do o Do o o Do

Younossiet al., Hepatology, 2016
Ginéset al., The Lancet, 2016
Scaglioneet al., Journal of Clinical Gastroenterology, 2015
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A paired biopsy-plasma proteomics study of alcohol-related liver disease (ALD)

The spectrum of alcohol related liver injuries Cohort information
Chronic heavy . . . .
alcohol consumption Steatosis Inflammation Fibrosis ALD (N = 459)
(>40g of alcohol perday) gq.1004; 10-35% 8-20% (from AFL) Ntg £
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Acute alcoholic
hepatitis
(AAH) ? FLASH ‘@/ '/|
Healthy liver Alcoholic Alcoholic Fibrosis/Cirrhosis m sgvﬂ::s:n%nv‘e’&n?sshosnnal
fatty liver steatohepatitis
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(Southern Denmark University Hospital)

Aim of the study:
1. To investigate association between liver and plasma proteome under pathological conditions.

2. To identify protein signatures for predicting key pathological features of liver disease.
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Liver-plasma proteome integration reveals concordant protein signatures
across fibrosis stages

plasma liver
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Machine learning reveals protein signatures in plasma for predicting liver
fibrosis, inflammation and steatosis
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Up to 70% of proteins in the marker panels selected by machine learning algorithm

had concordant changes in liver and plasma.
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Incidental Findings
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In Brief

Due to its unbiased nature,
proteomics may raise ethical and
regulatory concems. Plasma
proteome samples can be
reidentified given genomic
information. Furthermore,
plasma proteomes contain
information of potential sensitive
nature. Incidental findings can §
help diagnose unrelated but 2
actionable disease states. TIITIe
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Ethical Principles, Constraints, and Opportunities in
Clinical Proteomics
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In Brief

We introduce bioethical
principles and use these as
operational definitions to carry
out a systematic review of the
literature on ethical issues in
clinical proteomics. We identify
10 ethical themes across 16
studies, many of which are
familiar from other fields. We
therefore survey how genomics
has dealt with ethical issues and
regulation. We also add our own
perspectives on the ethical
aspects of study design and
sample treatment as well as the
ethical potential of preventive
proteomics profiling.
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Why we need single cell proteomics

Tumor thin section
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Ultra-high-sensitivity and singleell proteomics
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Evosegdor ultra highsensitivity

In EvoTip single cell processing

¥

Advantages

- One-pot reaction

- No transfer step

- Peptides directly immobilized

- Peptide elution in ~20 nl volume
- Peptides pushed by single pump

Bache, Ge y éaviann, MCP, 2018
Disclaimer: MM is an indirect investor in Evosep



Proteins in 5 ng and 1 ng material

- 5 ng and 1 ng HelLa digest

- 120 min LC gradient

- Matching between runs turned on

- Matched from triplicate 200 ng HelLa runs

Experimental setup F'

Identified Protein groups by LFQ

Protein groups




Proteomics identified from singéells

Identified Proteins
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log10(LFQ - 200ng)

Quantitative reproducibilitat the proteinlevel
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The proteome is a stable entity that is maintained qualitatively and quantitatively at the single cell level

Single cells have a shared core proteome




DeepVisualProteomics
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Archived patient
tissue samples
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(Archived) patient tissue samples

Cancer

Eckert M,..., Mann M, Lengyel E 2019, Nature

#1 OAEA &h 8h -AT1T -h #OOOE
Doll S, ..., Mann M, 2018, Mol Oncology
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Metabolic diseases
Niu L, ... Mann M, 2018/ol SystBiol.
Niu L, ... Mann M, 2019, in preparation

Neurodegenerative diseases
Liu JJ, ... Mann M, 2018, Science




(Archived) patient tissue samples
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Image Segmentation with Deep Learning Training

Original

Annotation

Artificial Masks

Image Style
Transfer learning

Artificially 3, ’
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Image segmentation using
deep learning

Horvath and Manmgroups

Salivary gland



