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High-dimensional single-cell data technologies
= HDcyto technologies

, , next-generation
flow or mass cytometry imaging .
sequencing



scRNA-Seq dataset of 3000
peripheral blood mononuclear
cells (PBMCs) from the

10X Genomics platform

(Zheng et al 2017 Nat Commun)
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Artificial neural networks

input layer
(784 neurons)

hidden layer

(n = 15 neurons)
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http://neuralnetworksanddeeplearning.com/chap1.htm/



Artificial neural networks

1. Feedforward networks
* Input-output transformation determined by external supervised adjustments

2. Feedback / recurrent networks
* Neurons are not independent of each other, feedback loops &«memory» present

3. Competitive / unsupervised / self-organizing
* Competition in activity by mutual lateral interactions
* Development of neurons into specific detectors of signal patterns

http://neuralnetworksanddeeplearning.com/chap1.html
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Output layer
(Competitive laygr)
Input layer

= winner neuron

* Competition between neurons to be activated

* Only one neuron is active at a time

Competitive ANN

* Selective tuning of neuron to input pattern / class

* Ordering of neurons in meaningful coordinate system



Output layer
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Self Organizing Maps = SOM (= Kohonen map)

Operations

Select random input
Computewinner neuron
Update neurons

Repeat for all input data
Classify input data

https.//www.youtube.com/watch?v=H9H 6s-x-0YE



Self Organizing Maps = SOM (= Kohonen map)

Data points Randomly

Placed nodes
A Y‘* .
ey

Operations

Select random input
Computewinner neuron
Update neurons

Repeat for all input data
Classify input data

..etc...

https.//www.youtube.com/watch?v=H9H 6s-x-0YE
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The Self-Organizing Map
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Fig. 6. Self-organized map of the data matrix of Table 1.

Fig. 7. Minimal spanning tree corresponding to Table 1.
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ORIGINALARTICLE

FlowSOM: Using Self-Organizing Maps for
Visualization and Interpretation of
Cytometry Data

Sofie Van Gassen,"”>>* Britt Callebaut,’ Mary J. Van Helden,”” Bart N. Lambrecht,>”
Piet Demeester,! Tom Dhaene,! Yvan Saeysz’3

Motivation:

* FACS experiments with many markers produce large dataset
* Create overview with minimal amount of graphs to be plotted
 Don’tloose information due to gating strategy
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Fig. 7. Minimal spanning tree corresponding to Table 1.
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Pre-processing:
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Mean=20
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Identify the two clusters that Merge the two most similar
are closest together clusters

Hierarchical clustering
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Identify the two clusters that Merge the two most similar

https.//www.displayr.com/what-is-hierarchical-clustering/
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Hierarchical clustering
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Metaclustering:
Clustering of Node-centres

Output: to obtainfinal Cell Classes

Each cell belongs to unknown cell class / type
Clusters correspond to cell types



Identify the two clusters that Merge the two most similar
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Metaclustering:
Clustering of Node-centres

Output: to obtainfinal Cell Classes

Each cell belongs to unknown cell class / type
Clusters correspond to cell types



https.//www.displayr.com/what-is-hierarchical-clustering/

Identify the two clusters that

are closest together

Merge the two most similar
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Metaclustering:
Clustering of Node-centres
Output: to obtain final Cell Classes

Each cell belongs to unknown cell class / type
Clusters correspond to cell types



Published FACS datasets

Table 1. Overview of datasets used in the results section

* Com parison Of FlOWSO M DATASET MARKERS SAMPLES DP;LE?:'IE“];S (I;IE ??LELIE
with manual gating AT
Diffuse large B-cell 3 30 - 308,676
lymphoma
e 7 surface markers + GFP Graft versus host 4 12 — 207,171
disease
Hematopoietic stem 4 30 — 278,005
cell transplant
Normal donor 10 30 - 1,778,883
Symptomatic West 6 13 - 1,214,373
Nile virus
IBAL staining 8 12 3,635,910 411,143
Bone marrow 31 3 1,264,755 660,084




VIVICICICICIC H: s
BOODD®® @ @ s o pe o)
@@ VICICICICIGCIGH
CICICICICIC R

@.C@@@@@
@@@@@@@
RINONOXVIOIGCIGAGEC,
@@...@@@@@



PODDOE®O® @ imry
TCRvd (APC
JIICICICICICH =5
@@@@@@@@@@%ﬁ
DR BP@ P

@ @ @ @ @ @ @ Example: a node with NKT cells

ERRLCRTDOE e v
pRoRyEee@@ | 9

Low expression for High NK1/1

@ @ @ @ @ @ other markers expression

A AONONONORCACACIC
- AORONONONOXCAGES



Manually gated cell

IO AVICICICICICH: i T
BOODDO®O®G Oiemacen, | o
QOOO@PE@®@® @ ans | ppi
DOEBOOOOO® (0)0®®®05N:ce0"50
DODHE@@RH@ 0000000000
FIIDVREEE® 9000000000
DOV P @ @@@ 0000000000
OO PPRP® 00000060006
DO A @@




O®®POEE G
SHOPIPTOEGEE®
RN A CICACACAGES
DOIODPOEOOEGBE®
IR RO ACEGACAGEG
HEDPIPOEEE®
AR BN GCICACAGES,
OD G OEOEEE
DPD® G OEEEE
DD ®®O O

Manually gated cell

B CD19 (PE-Cy5) types in SOM nodes:
B CD3 (PE-Cy7) O Unknown

B TCRyd (APC) B Bcells

0 TCRb (APC- Cy7) B CD4+ T cells
O CD4 (PE-Texas Red) O CD8+ T cells
008 (Feailic B' e) O yd T cells

] NK1/1 (PE) O NK cells
kil ARAT B NKT cells

000000000
000000000
Q000000000
000000000
000000000
00939300000
00.0.....0




C: Meta-clustering result
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C: Meta-clustering result

Potentially previously
missed subpopulations
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ORIGINALARTICLE

Cytometr

MiFlowCyt

FlowSOM: Using Self-Organizing Maps for
Visualization and Interpretation of
Cytometry Data

Sofie Van Gassen,"*** Britt Callebaut,' Mary J. Van Helden,”? Bart N. Lambrecht,*”
Piet Demeester,! Tom Dhaene,' Yvan Saeysz‘3

* Overview over whole dataset
* No immediate exclusion of data by gating

Specific 2D scatter plots can be created subsequently

Unbiased discovery of small atypical, unknown or unexpected subsets

Also some specific subsets might not be detected
- Expert knowledge on cell types needed



Molecular Cell
CellPress

A Systems-Level Study Reveals Regulators
of Membrane-less Organelles in Human Cells

Doris Berchtold,' Nico Battich,” and Lucas Pelkmans':2-*
TInstitute of Molecular Life Sciences, University of Zurich, 8057 Zurich, Switzerland

’Lead Contact 101
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Nucleoli

Image-based siRNA screen
on membrale less organelles
(MLO)

I. Experimental setup g pliingspackios (SRRMZ) lll. Image processing
] ™\ Cajal bodies (Coilin) .
b and analysis

3 screens with 2 MLO markers each | !

- 1,354 genes targeted per screen /-
(3 pooled siRNAs) (@
- 15 min EdU pulse & /’
Clicklt Edu stain N o
- Immunostain with 2 antibodies -
- Nuclear & cell outline stain

A Segmentation of nuclei and cells

- Data cleanup

%{ - Feature extraction

- Feature correction
and normalization

. /

N =
\_—

SR

P-bodies (DDX6)
Stress granules (G3BP-1)

- Classification into

: i cell cycle phases
II. Imaging (40x obj) 12 z-slices (MIP) in 4 channels e

18 plates,
264 wells each

Segmentation of MLOs

P e 3 'S - Feature extraction
4« 4| - Percell values

g - Feature correction
4. ¢ | andnormalization

- Cell segmentation === MLO segmentation



Problem:

NPM intensity
I E.

1. Look onlyat unperturbed control cells
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Cell cycle trajectory (CCT) of unperturbed cells Trajectories of cell-cycle

Problem: o G s G2 progression from fixed
) g Lora Median nucleolar conc. 1 cell populations
g 1= Nucleoplasmic conc.
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1. Look onlyat unperturbed control cells



Cell cycle trajectory (CCT) of unperturbed cells

@

G2
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CC index

Problem: g.s - -
3 | == Median nucleolar conc.
© 1= Nucleoplasmic conc.
> . .
o Nucleolar to nuclear intensity
505 - -
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Solution:

A

NPM intensity
O Ea

Clustering of single cells according to phenotypic MLO features

, , o 3.7 million cells
Organelle intensity

Organelle number per marker
_—— (| Organelle area

Marker conc. in organelle

s Cells with

‘“‘*“m_.: Marker conc. in nucleoplasm .
Marker conc. in cytoplasm misseg mented

MLOs

1. Look onlyat unperturbed control cells
- Dependingon cell cycle stage, cells are clustering to different nodes

B
0000




2. SOM Clustering of perturbed and unperturbed cells

Strategy:

e Sequential clustering with high node numbers (e.g. 100)

* Cells in nodes with long distance to majority of nodes were missegmented
(visual inspection)
- excluded

* Do next clustering with remaining cells 2 ... 2 ...

* Node number reduced stepwise
so that all cells in one node are highly similar: 15 - 30
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2. SOM Clustering of perturbed and unperturbed cells
— 3. Median of each feature in each node

Phenotypic nodes of nucleoli

TrrNODOFTONOANNDOMNOWOOPDMN
N - QN NN - ANANAN v~

QOWAONOOHE WN -

Features of nucleoli

Z-scored feature values

V
W

- O = N

N,
W N

\
w

A Z-scored feature values

W ON s o =N

Features of nucleoli
12345678910

| IR

1

- 30 nodes

Perturbed and unperturbed cells




2. SOM Clustering of perturbed and unperturbed cells
— 3. Median of each feature in each node
— 4. Define extreme or average phenotype

Intermediate/«normal»
phenotype
Phenotypic nodes of nucleoli
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O 08 g @ * Visual inspection
L u i MoL 0.3
Increased nuNclpe[;A | Decreased
B nucleoli CCOPL NPM
: : diffuse  ;

Increased MLO: high intensity of marker, high area
Decreased MLO: low intensity, small area or absent
Diffuse MLO: diffuse localization in nucleoplasm

Extreme phenotypes



2. SOM Clustering of perturbed and unperturbed cells
— 3. Median of each feature in each node
— 4. Define extreme or average phenotype
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2. SOM Clustering of perturbed and unperturbed cells
— 3. Median of each feature in each node
— 4. Define extreme or average phenotype
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2. SOM Clustering of perturbed and unperturbed cells
— 3. Median of each feature in each node
— 4. Define extreme or average phenotype
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2. SOM Clustering of perturbed and unperturbed cells

— 3. Median of each feature in each node
— 4. Define extreme or average phenotype
—> 5. 2D representation
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2. SOM Clustering of perturbed and unperturbed cells
— 3. Median of each feature in each node
— 4. Define extreme or average phenotype

intermediate fcnormab - 5. 2D representation
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2. SOM Clustering of perturbed and unperturbed cells
— 3. Median of each feature in each node
— 4. Define extreme or average phenotype
— 5. 2D representation
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GO Analysis with Hits
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Molecular Cell

A Systems-Level Study Reveals Regulators
of Membrane-less Organelles in Human Cells

Doris Berchtold, Nico Battich,! and Lucas Pelkmans'-2*

TInstitute of Molecular Life Sciences, University of Zurich, 8057 Zurich, Switzerland
?Lead Contact

*Correspondence: lucas.pelkmans@imils.uzh.ch
https://doi.org/10.1016/j.molcel.2018.10.036

* Organelle changes can not always be described by one feature
(size, intensity of marker, localization,...)

* Organelles may change physiologically during cell cycle

- To find influence of genetic perturbation in HTS,
one must consider and exclude these factors



A Structured Tumor-Immune Microenvironment
in Triple Negative Breast Cancer Revealed
by Multiplexed lon Beam Imaging

Leeat Keren,' Marc Bosse,! Diana Marquez,' Roshan Angoshtari,’ Samir Jain,' Sushama Varma,' Soo-Ryum Yang,'
Allison Kurian,! David Van Valen,2? Robert West,! Sean C. Bendall,’" and Michael Angelo?-4.*
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* Multiplexing 36 marker proteins

e Retrospective TNBC cohort
* |dentifying patterns linked to survival outcome
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* TNBC = lack of therapeutic targets:
¢ Estrogen receptor

* Progesterone receptor
e Her2

— Radiation & chemotherapeutic neoadjuvant therapy



MIBI TOF Multiplexed imaging
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MIBI TOF Multiplexed imaging
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Quality Controls:

match w/ conventional IHC

tissue specific localization

subcellularlocalization

e co-expression of markers



MIBI TOF Multiplexed imaging
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B Quality Controls in e.g. tonsil:
— * match w/ conventional IHC
 tissue specific localization

* subcellularlocalization

* co-expression of markers



Automated Image Analysis
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Automated Image Analysis
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Automated Image Analysis
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Automated Image Analysis
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Automated Image Analysis Cluster immune cell
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Definition & characterization of three «archetypical subtypes»
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Definition & characterization of three «archetypical subtypes»
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* Automated image analysis on 36 markers
e |dentification of 20 cell types
* Evaluation of their spatial distribution

- Ildentification of prognosis-relevant tumor microenvironments
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