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Outline
• Preliminaries


• compensation for CyTOF using single stains


• clustering “high” dimensional CyTOF


• Differential analyses (diffcyt): abundance of populations, state 
transitions 


• Parallels to single cell RNA-seq


• Working with tree representations of cells



Applications



High-dimensional cytometry
Measure targeted protein expression levels  
in single cells using antibodies 

(A) Fluorescent flow cytometry / FACS 
 >20 proteins/cell; 1000s cells/sec 

(B) Mass cytometry / CyTOF 
 >40 proteins/cell; 100s cells/sec 

(C) sequence-based cytometry 
 >100 proteins/cell

itn-snal.net

Bendall et al. 
(2011), Fig. 1A

Shahi et al. (2017), Fig. 1A



Flow cytometry
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Figure 1. Schematic representation of a flow cytometer. For details please see text. (1) Forward-scatter detector, (2) side-scatter detector, (3) fluorescence 
detector, (4) filters and mirrors, and (5) charged deflection plates.

Figure 2. Scatter plots displaying the FSC (X-axis) and SSC (Y-axis) of lysed whole peripheral blood. The FSC scatter data provide information on the relative 
size of the cells, whereas the SSC data estimate the granularity. Four ways of displaying identical data: (i) pseudocolor dot plot (allows simultaneous information 
of rare events (dots) and high-frequency areas with dots of different color), (ii) dot plot where each dot represents one event (note that here only 10,000 events 
are shown to avoid oversaturation of dots), (iii) 5% probability density plot, and (iv) 5% probability contour plot, where the density of a population is translated 
in varying shades of color or concentric rings of varying distance. Major leukocyte populations as defined by FSC and SSC properties are shown in (i). FSC-A, 
forward scatter area; RBC, red blood cells; SSC-A, side scatter area. 



Mass cytometry



REAP-seq / CITE-seq



Spectral overlap vs. spillover

- CyTOF = increase in the 
number of parameters + 
massive decrease in 
spectral overlap 

- but, still three sources 
of signal overlap: 
1.abundance 

sensitivity:= (M±1) / M
2.oxide formation: +16M
3.isotopic impurities: up 

to ±6M 



Do we need to compensate CyTOF data?

Atkuri et al. 2015 Drug Metabolism and Disposition

Leipold al. 2015 Immunosenescence: Methods and Protocols, Methods in Molecular Biology

Leipold Cytometry Part A, 2015 



100 1.44

100

100 1.93

100 0.39 0.11 1.73

0.78 100 2.1 0.1 0.09 1.87

0.15 0.25 100 1.53 0.44 1.88

0.05 1.08 100 3.91 1.89

0.01 0.16 0.13 100 0.13 1.84

100 2.34 0.48 0.31 0.18 0.45

1.34 0.83 1.59 0.5 1.71 100 1.39 1.67

0.1 0.72 100 1.64 0.36 0.15 0.37

0.2 0.04 0.36 0.22 0.05 100 1.38

100 0.84

0.03 100 0.66 0.27

0.63 100

0.56 100 0.17

100 0.08 0.02 0.45

0.85 100 2.86 0.79 0.14 0.43

100

0.16 0.95 100 0.55 0.36

100 0.02 0.33

0.03 0.03 0.56 100 0.33

0.2 100 2.79 0.66 0.31

1.56 100 4.26 0.68

0.3 1.26 100 1.7

0.51 0.81 2.95 100 0.05

100 0.03

100 1.48 0.26 0.01

1.35 100 3.49 0.07

0.41 100 0.05

0.01 100 0.09

0.72 0.49 0.98 0.02 100 0.08

0.09 100 4.02 0.19 0.23 0.01

0.82 100 3.9 1.01 0.04

0.28 1.55 100 3.42 0.22

0.15 0.54 100 0.04 0.44

0.01 100 0.36

0.35 0.7 0.43 2.01 0.04 100Yb176Di
Lu175Di
Yb174Di
Yb173Di
Yb172Di
Yb171Di
Er170Di
Tm169Di
Er168Di
Er167Di
Er166Di
Ho165Di
Dy164Di
Dy163Di
Dy162Di
Dy161Di
Gd160Di
Tb159Di
Gd158Di
Gd157Di
Gd156Di
Gd155Di
Sm154Di
Eu153Di
Sm152Di
Eu151Di
Nd150Di
Sm149Di
Nd148Di
Sm147Di
Nd146Di
Nd145Di
Nd144Di
Nd143Di
Nd142Di
Pr141Di
Ce140Di
La139Di

La
13
9D

i
C
e1
40
D
i

Pr
14
1D

i
N
d1
42
D
i

N
d1
43
D
i

N
d1
44
D
i

N
d1
45
D
i

N
d1
46
D
i

Sm
14
7D

i
N
d1
48
D
i

Sm
14
9D

i
N
d1
50
D
i

Eu
15
1D

i
Sm

15
2D

i
Eu
15
3D

i
Sm

15
4D

i
G
d1
55
D
i

G
d1
56
D
i

G
d1
57
D
i

G
d1
58
D
i

Tb
15
9D

i
G
d1
60
D
i

D
y1
61
D
i

D
y1
62
D
i

D
y1
63
D
i

D
y1
64
D
i

H
o1
65
D
i

Er
16
6D

i
Er
16
7D

i
Er
16
8D

i
Tm

16
9D

i
Er
17
0D

i
Yb
17
1D

i
Yb
17
2D

i
Yb
17
3D

i
Yb
17
4D

i
Lu
17
5D

i
Yb
17
6D

i

Single stain beads highlight 
sparsity of spillover



Short answer: Yes, even ~2-5% of a high signal 
can be significant

cl
us

te
rs

markers

PBMCs measured, 
clustered with 

Phenograph; several 
antibodies used twice 
with different metals



Correction of spillover artefacts on a 36ab panel  

Spillover matrix estimated via single-stain beads: 
non-negative least squares



R/Bioconductor CATALYST package: 
preprocessing (differential analysis comes later)

Helena

https://bioconductor.org/packages/release/bioc/html/CATALYST.html 

https://bioconductor.org/packages/release/bioc/html/CATALYST.html


Manual gating
Identification of cell populations

Verschoor et al. (2015)



Manual gating
Not feasible in high- 
dimensional data

Bendall et al. (2011), Supp.



Comparison of clustering algorithms
Algorithms for low-dimensional data: FlowCAP consortium

2013



Clustering high-dimensional 
flow and mass cytometry

Motivation: Many new 
computational methods, 
explosion in the number of 
dimensions (both FACS and 
CyTOF) — what works “best”?

Lukas



Laundry 
list of 

methods



Manually gated populations
Manual gates = “truth”



Comparison of clustering methods

Hungarian algorithm to 
match clusters to 

populations



Comparison of clustering methods

• several methods performed well: 
FlowSOM, X-shift, PhenoGraph, 
Rclusterpp, flowMeans 

• FlowSOM gave best performance (for 
several data sets) and was fast 

• X-shift gave best performance for rare 
cell populations 

• several methods sensitive to random 
starts (rare populations) 

• code, data freely available



Type:	more	permanent	
State:	more	transient

Differential 
abundance 
analysis

Differential 
state analysis



Data structure and differential analysis
Two types of differential analysis 
– differential abundance (DA) of cell 

populations 
– differential states  

e.g., differential expression of functional 
proteins (e.g., signaling) within cell 
populations



Motivation for differential analysis: finding cancer 
biomarkers



Analysis 
pipelines



Cytometry workflow: looking across 
multiple samples Gosia

F1000 Bioconductor channel workflow published May 2017; updated May 2019 
with drastically simplified code (functionality in CATALYST); will be updated 

again in Oct 2019 because of changes in BioC (again simplifications)

preprocessing

cluster all cells, all 
samples (merging  
or over-clustering)

differential statistics

Helena



Key elements of CyTOF workflow
• Exploration of various data aspects at each step


• Separation of type and state markers


• Put all samples together and cluster (FlowSOM or other)


• Optional: manually merge clusters (via visualizations: heatmaps, low 
dimensional projections)


• Differential abundance analysis (count-based model, somewhat similar to 
RNA-seq)


• For state markers, differential state analysis (aggregate and use linear model)



Merging clusters from 20 to 7
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Carsten Krieg, now at MUSC 
PBMCs from metastatic melanoma patients, comparing 

responders to non-responders)
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Part 1:  
Differential abundance of cell populations

After clustering (and manual merging), generalized linear mixed model is applied to cell 
count table to find differential abundance (n.b.: similar to RNA-seq differential expression).
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C Global differential myeloid marker expression
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Good / Bad news: large batch effect, but nice 
experimental design (all conditions in every batch) 
so can be separated in statistical models.

HD: healthy donors 
NR: non-responders 
R: responders



Bioconductor workflow

Manual merging of cell populations based on phenotypes 

Generalized linear mixed models (differential abundance) 

Linear mixed models (differential expression within populations)



Limitations of existing methods

n.b. Citrus/CellCnn models are 
reversed to ours (response variable: 
patient/experimental condition; 
explanatory variables: CyTOF 
measurements)


cydar doesn’t distinguish type and 
state



diffcyt: differential tests more formalised
Lukas

Note: for differential state 
analysis, aggregates are 
always taken. We are 
testing this now with 
scRNA-seq data



diffcyt: Bioconductor package

Interoperable with CATALYST for pipelines



5x healthy samples H1 H2 H3 H4 H5

Creation of a benchmark: AML-sim data 
generation strategy

AML: 1x CN, 1x CBF CN

Split each healthy sample into 3 equal parts; computationally 
“spike in” CN and CBF cells

CBF

Repeat for different thresholds: 5%, 1%, 0.1%, 0.01%

(strategy adapted from Arvaniti et al., 2017)



Differential abundance detection performance 
across methods



Part 2: subpopulation-
specific differential analyses 

(“state”)

data from Bodenmiller et al. 2012

Clustered here to 
100 groups; for 

each, look across 
samples in 

functional marker

median 
functional 

marker 
signal by 
sample

median 
lineage 
marker 

signal by 
cluster



diffcyt: benchmarking
Sensitivity



Differential state detection performance across 
methods



Some notes on CyTOF differential discovery

• Flexibility in definition of type and state


• For rare populations, ability to detect changes in abundance is driven 
jointly by “distinctness” (clustering) and “rarity” (more abundant —> 
easier); also related to depth of sampling


• Fairly wide range in the “sweet spot” of clustering


• Cell type assignment as an alternative to clustering is easily 
accommodated



HDCytoData package
Collection of benchmark datasets in Bioconductor formats



HDCytoData package
Bioconductor ExperimentHub 

> library(HDCytoData) 

> data_SE <- Levine_32dim_SE() 
> data_flowSet <- Levine_32dim_flowSet() 

> ehub <- ExperimentHub() 
> query(ehub, "HDCytoData") 
> data_SE <- ehub[["EH1119"]] 
> data_flowSet <- ehub[["EH1120"]]



Design

Clustering

Dimension 
Reduction

Preprocessing:  
quantification, 
QC, filtering,  
normalization

Raw Data

Cell Type 
Prediction

Marker Gene  
DE

Cell Types

Diff. Abundance 
Analysis Aggregation

Diff. State 
Analysis

Geneset 
analyses

Aggregation of 
related cell 

types 

Parallels to scRNA-seq

Alignment / 
Integration



After “Cell Type Prediction” / “Clustering”, various 
ways to view the differential state inference problem

Multi-sample 
Multi-condition 
Multi-population



Flexible 
simulation

• knobs for: sample size, # of cells, 
changes in abundance, subpopulation-
specific state changes 

• batch effects?



countsimQC: comparing simulated data to 
real data

pseudobulk-level dispersion-mean relationships

https://bioconductor.org/packages/release/bioc/html/countsimQC.html

cell-level properties

aggregrate-
level properties

cluster1 cluster2 cluster3 cluster4
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https://bioconductor.org/packages/release/bioc/html/countsimQC.html


Aggregation works well, mixed models 
work well. DB especially difficult to detect

AD = Anderson-Darling 
MM = mixed models

FDR

TP
R



Current rating

PB = pseudobulk 
AD = Anderson-Darling 
MM = mixed models



Application to LPS dataset: clustering 
+ annotation subpopulations

Data from: 
4 mice treated with vehicle 
4 mice treated with LPS 

frontal cortex 

single nuclei RNA-seq (10x) 

usual preprocessing: 
filtering, doublet removal, 
Seurat integration, 
clustering 



Application to LPS dataset:  
subpopulation-level visualization

Data from: 
4 mice treated with vehicle 
4 mice treated with LPS 

Each dot is one subpopulation/
sample combination 



Application to LPS dataset: go back to cell-level 
response (discovery based on pseudobulk)

workflowr !



Application to LPS dataset: look at genes (genesets) 
changing {within specific, common across} subpopulations



LPS dataset: interplay of cell type and cell state



Motivation: can we use the tree information in the differential inferences?

Give more space to orange branch; The visualization is on the leaf level (blue points)



Visualization: TreeHeatmap

Change visualization to a specified level



The structure



The components

Note: The tip labels of the 
row tree are different to the 
row names of the row data

The row tree The column tree



Discussion points
• Framework that explicitly builds in type and state 

• Differential (relative) abundance bears similarity to RNA-seq DE: cluster cell counts

• Differential state also bears similarity to DE, but on aggregates (microarrays for 

CyTOF, RNA-seq for scRNA-seq)

• Linear modelling approaches always worth their weight in gold .. flexibility for 

experimental designs .. fast, sensitive to find many types of changes


• Can we get everything from aggregates? (We are still finding out)

• How to best use batch correction methods, cell type assignment methods


• Use of trees (TreeSummarizedExperiment and friends)


• Code/data is available for basically everything we do
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