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Abstract

Motivation: Single cell profiling by cytometry has emerged as a key technology in biology, immunology and clinical-translational medicine. The
correct annotation, which refers to the identification of clusters as specific cell populations based on their marker expression, of clustered high-
dimensional cytometry data, is a critical step of the analysis. Its accuracy determines the correct interpretation of the biological data. Despite
the progress in various clustering algorithms, the annotation of clustered data still remains a manual, time consuming and error-prone task. We
developed a user-friendly cluster annotation and differential abundance detection tool that can be applied on data generated with Self
Organizing Map clustering algorithms, thus simplifying the annotation process of datasets that consist of hundreds or thousands of clusters.

Results: We present Cytometry Cluster Annotation and Differential Abundance Suite (CyCadas), a semi-automated software tool that facilitates
cluster annotation in cytometry data by offering both visual and computational guidance. CyCadas addresses the critical need for efficient and
accurate annotation of high-resolution clustered cytometry data, significantly reducing the time needed to perform the analysis compared to
both manual gating approaches and manual annotation of clustered data. The tool features a user-friendly interface, visual tools enabling data
exploration and automated threshold estimation to separate negative and positive marker expression. It facilitates the definition and annotation
of cell phenotypes among multiple clusters in a tree-based data structure. Finally, it calculates the abundance of various cell populations across
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the conditions with statistical interpretation. It is an ideal resource for researchers aiming to streamline their cytometry workflow.
Availability and implementation: CyCadas is available as open source at: https://github.com/DII-LIH-Luxembourg/cycadas.

1 Introduction

Current developments in the field of mass and spectral flow cy-
tometry, as well as conducting large-scale longitudinal clinical
studies result in generation of huge datasets, analysis of which
is mostly performed by unsupervised clustering and dimension
reduction algorithms—SPADE (Zaki 2001), FlowSOM (Van
Gassen et al. 2015), GigaSOM (Kratochvil et al. 2020),
PhenoGraph (Levine et al. 2015), ClusterX (Chen et al. 2016),
FlowGrid (Ye and Ho 2019), among others. Furthermore, sev-
eral pipelines such as CATALYST (Crowell et al. 2024),
CYANUS (Arend et al. 2022), and ImmunoCluster
(Opzoomer et al. 2021) enable clustering and differential
abundance analysis. These tools have been developed to reduce
the time required for analysis and minimize the risk of bias
that researchers may introduce through manual gating.
However, the annotation of clusters as biologically rele-
vant cell types remains a manual task (Behbehani ez al. 2020,
Vanderbeke et al. 2021, Lei et al. 2023, Mulhearn et al.
2023, Nishide et al. 2023, Nunez et al. 2023). This process is

especially time-consuming and error-prone when targeting
small cell subsets, as clustering needs to be performed with
high resolution (over-clustering) and clusters are subse-
quently merged by similarity (Nowicka et al. 2017). An alter-
native approach proposed by Weber and colleagues consists
in over-clustering and inspecting the phenotypes of differen-
tially abundant clusters only. This might greatly reduce the
overall time needed for the annotation process, but often
results in the loss of statistical power when testing is per-
formed on individual clusters due to multiple testing penalty.
Nevertheless, identification and merging of these clusters as
cell populations is still a manual process (Weber et al. 2019).
Furthermore, to assess the robustness of clustering, it should
be repeated multiple times with different random seeds
(Nowicka et al. 2017). Multiple processing inflates further
the time consumption for annotation and increases the poten-
tial for inconsistencies between annotations.

To address the need for efficient and reproducible annota-
tion of even large numbers of clusters generated with any Self
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Organizing Map (SOM)-based clustering algorithms, we de-
veloped Cytometry Cluster Annotation and Differential
Abundance Suite (CyCadas)—an R-based software tool uti-
lizing the Shiny framework supporting an interactive and
user-friendly browser-based graphical interface that facili-
tates the exploration, visualization, annotation and differen-
tial abundance analysis of clustered data. CyCadas provides a
semi-automated visual cluster exploratory solution, enabling
users to easily identify and classify different cell types within
their dataset. Although CyCadas is able to annotate small
scale datasets, this software tool has been designed to stream-
line the cluster annotation process within a high-resolution
cytometry data analysis workflow and is particularly useful
in the analysis of data clustered with a high performance
computing (HPC) workflow, as it can rapidly annotate hun-
dreds or thousands of clusters in a straightforward way.

2 Functionality and usage

At the initial stage (Fig. 1A), the data required for annotation
can be provided in individual comma-separated values (CSV)
file format (*.CSV files; expression data, cluster frequency,
and optionally metadata and cluster counts of each sample if
differential abundance analysis is desired). When utilizing
R-based software packages (e.g. CATALYST or CYANUS),
the CyCadas data can be easily exported in R data serializa-
tion (RDS) file format (*.RDS file).

Detailed coding examples enabling the extraction of required
data from a typical unsupervised clustering algorithm such as
FlowSOM (R) and GigaSOM (Julia), as well as instructions for
saving the Single Cell Experiment (SCE) object files from
CATALYST and CYANUS can be found in the online manual
(https://github.com/DII-LIH-Luxembourg/cycadas).

2.1 Marker expression

The core functionality of CyCadas relies on the separation of
high/positive and low/negative expression for each marker,
typically exhibiting a bimodal distribution in mass cytometry.
This threshold value is calculated using two methods: 1D
k-means clustering and Gaussian mixture model (GMM).
The performance of these methods is then assessed by silhou-
ette analysis (Rousseeuw 1987), which determines the separa-
tion between the clusters. The threshold generated by the
method that obtained a higher silhouette score is used for the
annotation and is indicated by a vertical line within a scatter
plot (Fig. 1B) and histogram. Furthermore, the bimodality for
every marker is assessed using the R package “mousetrap”
(Wulff et al. 2023) and the bimodal coefficient values are
reported besides the estimated threshold values. If the data
meets the bimodal distribution criteria [coefficient value <
0.555 (Pfister et al. 2013)], the vertical line is coloured in
blue, otherwise it is shown in red (Supplementary Fig. S1). In
case the markers are not fulfilling the bimodality criteria, the
users are advised to consider the following steps:(i) increasing
the clustering resolution (i.e. performing the analysis with a
higher number of clusters), (ii) excluding these markers from
the phenotype analysis, and (iii) manually adjusting the
threshold value by clicking on the scatterplot.

Regardless of the results from the bimodality tests, any thresh-
old should be considered as an estimation and users are advised
to carefully inspect each marker distribution and its threshold
value. Adjustments of the threshold values, as well as the inclu-
sion of markers into the annotation process, which do not fulfil
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the bimodal criteria, should be taken with care and require vali-
dation by scientists with expertise in cytometry. The threshold
values can be saved in a CSV file format and re-loaded into
CyCadas. This enables the reproducibility and continuation of
the analysis at any time as well as collaborative efforts among in-
dividual researchers and across research groups.

2.2 Annotation

The annotation follows a tree-based hierarchical process that
starts by defining main cell types and subsequently their sub-
types. Initially, all clusters are belonging to the root node, and
are referred to as “unassigned.” The user then specifies a set of
positive and/or negative markers to identify a population of in-
terest as a child node. Clusters are then automatically filtered
according to their marker selection into a child node.
Importantly, if any marker expression threshold is altered, the
tree is automatically recalculated and updated. Consequently,
the list of defining antigen markers within a subtype can be
viewed as the cumulative markers within its branch—for in-
stance, CD8+ T cells are characterized by the following expres-
sion pattern: CD66b— (non-granulocytes) — CD3+CD19- (T
cells) — CD56-TCRgd- (classic T cells) — CD8+CD4-
(CD8+ T cells), and expression of CCR7+CD45RA—- defines
central memory CD8 T cells (CD8+ TCM) (Fig. 1C). The user
can select multiple positive and negative markers to define the
phenotype of the population of interest. An example annotation
of CD8+ T cell subsets using nine markers in parallel is shown
in the Supplementary Material (Supplementary Fig. S2). The
full panel of cell type annotation definitions is provided in the
Supplementary Material (Supplementary Table S1).

If all clusters in a parent node are assigned to their respec-
tive child nodes, the parent node is coloured in grey, indicat-
ing that it is fully defined by its child nodes without any
remaining unattributed clusters (Fig. 1C). The expression
pattern of the clusters within a selected node is visualized in a
heat map (Fig. 1D depicts CD8+ TCM cells selected in
Fig. 1C). In addition, these clusters are highlighted in a
Uniform Manifold Approximation and Projection (UMAP)
plot (Supplementary Fig. S3). The cluster counts and percen-
tages of a selected node are reported in a text field.

The cluster annotation can be saved as CSV file and
reloaded, facilitating the reprocessing of the data and contin-
uation of the analysis at any time. It enables applying the
same annotation strategy to data generated in multiple clus-
tering rounds with different random seeds, as well as to other
datasets with identical phenotypical marker selections.

2.3 Differential abundance analysis and data
visualization

When performing differential abundance analysis, cluster counts
with identical names are summed and the annotated proportion
for each sample is calculated. A pairwise Wilcoxon test (using
pairwise.wilcox.test function) is performed, allowing the user the
choice of the adjustment method for multiple testing (e.g.
Hochberg, Bonferroni, or FDR). As this test will be performed
on every individual node, remaining clusters in a parent node will
be treated as individual phenotypes and renamed accordingly, e.
g. “NKT cells” — “NKT cells_remaining.” Additionally, the dif-
ferential abundance of an individual phenotype can be explored
in an interactive tree by selecting a single node in the graph. This
aggregates all child nodes (sub-phenotypes) into its selected par-
ent phenotype. An example boxplot generated upon selecting
CD8+ TCM cells is shown in Fig. 1E. The table containing the
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Figure 1. Overview of CyCadas functionalities. (A) CyCadas workflow. (B) Scatter plot representing cluster distribution based on the normalized
expression of selected marker. The dotted line designates threshold value defined by the k-means clustering. (C) Cropped fragment of the annotation
tree representing the hierarchy of identified subpopulations. An emptied node (example shown: CD8+ T cells) changes color. The CD8+ TCM population
is highlighted in a box, its phenotype and differential abundance between the conditions can be inspected on subfigures D and E, respectively. (D)
Heatmap visualizing marker expression across selected clusters (defined by the set of negative and positive markers). (E) Boxplot representing
abundance of selected cell type across the conditions. HC, healthy control; PD, Parkinson'’s disease (refer to Section 2.4 for further details).

percentage of each identified population in each sample can be performed by manual gating using the FlowJo™ Software.

exported and used for more advanced statistical interpretation. Whole blood cell samples stained with a mass cytometry
panel as detailed in the original article (Capelle et al. 2023b,

2.4 Demo dataset see Supplementary Table S3) were clustered with GigaSOM

In order to facilitate the tool exploration, we provide a demo  to generate 1600 clusters.

dataset that can be used for testing purposes. It can be loaded Unsupervised clustering of the PD and HC dataset and

as annotated data (including the example annotation tree) or CyCadas-based annotation allowed us to essentially reproduce

as cluster expression data which allows the user to create the main findings of the original study. CyCadas-generated
their own annotation. This demo dataset is generated from  plots showing the frequency of selected cell populations are
the publicly available mass cytometry data of patients with shown in Supplementary Fig. S4. These results are highly com-
idiopathic Parkinson’s disease (PD) and healthy controls patible with the frequencies acquired by manual annotation as
(HC) (Capelle et al. 2023a,b), where the data analysis was reported in the original article (Capelle ez al. 2023b).
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2.5 Implementation and availability

CyCadas is implemented using the R programming language
and its user interface is built using the Shiny framework. It is
open-source and available for download from the Github repos-
itory. A detailed description of every function is available as on-
line manual (https:/github.com/DII-LIH-Luxembourg/cycadas).

3 Conclusion

In this work, we present CyCadas—a user-friendly solution
for cytometry cluster exploration and analysis, enabling
researchers to gain deep insights into the cellular heterogene-
ity of the data. This semi-automated, visually guided annota-
tion software can greatly enhance the efficiency and accuracy
of cell clustering analysis.

CyCadas allows users to visualize marker expression pat-
terns, easily identify distinct cell populations, annotate clus-
ters as specific cell types based on the biological knowledge,
and perform differential abundance analysis. By incorporat-
ing both visual and analytical approaches, this tool can help
to reduce user bias, improve reproducibility and save consid-
erable time in comparison to manual annotation methods.
This allows the analysis of even huge datasets, such as the
provided demo dataset of PD patients and HCs (Capelle
et al.2023a,b), within several hours to a few days, depending
on the complexity of the project. Annotation data from
CyCadas can be exported and re-loaded, thus enabling con-
sistent, fast and reproducible re-analysis of the data, as well
as a clear method deposition for FAIR data compliance with
the possibility to apply strictly the same annotation strategy
over multiple clustered datasets.

CyCadas’ utilization of a Shiny-based framework mini-
mizes the access requirements for the standard biological in-
vestigator. It is an interactive tool that can greatly simplify
collaboration between biologists and bioinformaticians, con-
tributing to improved reproducibility in research.

Acknowledgements

We acknowledge Dr Feng Hefeng for the critical revision of
the manuscript.

Supplementary data

Supplementary data are available at Bioinformatics online.

Conflict of interest

None declared.

Funding

This work was supported by the Luxembourg National
Research Fund (FNR) through FNR-PRIDE program for doc-
toral education [14254520/i2TRON; A.D. and M.O.].

Data availability

The data (CyCadas code and demo dataset) are available
in  Github repository at https:/github.com/DII-LIH-
Luxembourg/cycadas.

Hunewald et al.

References

Arend L, Bernett ], Manz Q et al. A systematic comparison of novel and
existing differential analysis methods for CyTOF data. Brief
Bioinform 2022;23:bbab471.

Behbehani GK, Finck R, Samusik N et al. Profiling myelodysplastic syn-
dromes by mass cytometry demonstrates abnormal progenitor cell phe-
notype and differentiation. Cytometry B Clin Cytom 2020;98:131-45.

Capelle CM, Ciré S, Hedin F et al. CyTOF and Flow Cytometry dataset
assocaited with “Early-to-mid stage idiopathic Parkinson's disease
shows enhanced cytotoxicity and differentiation in CD8 T-cells in
females” [Data set]. Nature Communications (Version v1). Zenodo.
2023a. https://doi.org/10.5281/zenodo.8382970

Capelle CM, Ciré S, Hedin F er al. Early-to-mid stage idiopathic
Parkinson’s disease shows enhanced cytotoxicity and differentiation
in CD8 T-cells in females. Nat Commun 2023b;14:7461.

Chen H, Lau MC, Wong MT et al. Cytofkit: a bioconductor package
for an integrated mass cytometry data analysis pipeline. PLoS
Comput Biol 2016;12:¢1005112.

Crowell HL, Zanotelli V, Chevrier S et al. CATALYST: Cytometry
dATa anALYSis Tools. R package version 1.28.0. 2024. https://
github.com/HelenaLC/CATALYST

Kratochvil M, Hunewald O, Heirendt L et al. GigaSOM.jl: high-
performance clustering and visualization of huge cytometry data-
sets. Gigascience 2020;9:giaal27.

Lei T, Wu G, Xu Y et al. Peripheral immune cell profiling of double-hit
lymphoma by mass cytometry. BMC Cancer 2023;23:184.

Levine JH, Simonds EF, Bendall SC ef al. Data-driven phenotypic dis-
section of AML reveals progenitor-like cells that correlate with
prognosis. Cell 2015;162:184-97.

Mulhearn B, Marshall L, Sutcliffe M et al. Automated clustering reveals
CD4(+) T cell subset imbalances in rheumatoid arthritis. Front
Immunol 2023;14:1094872.

Nishide M, Nishimura K, Matsushita H ez al. Single-cell multi-omics
analysis identifies two distinct phenotypes of newly-onset micro-
scopic polyangiitis. Nat Commun 2023;14:5789.

Nowicka M, Krieg C, Crowell HL ez al. CyTOF workflow: differential
discovery in high-throughput high-dimensional cytometry datasets.
F1000Res 2017;6:748.

Nunez NG, Berner F, Friebel E et al. Inmune signatures predict devel-
opment of autoimmune toxicity in patients with cancer treated with
immune checkpoint inhibitors. Medicine 2023;4:113-29 e117.

Opzoomer JW, Timms JA, Blighe K et al. InmunoCluster provides a
computational framework for the nonspecialist to profile high-
dimensional cytometry data. Elife 2021;10:¢62915.

Pfister R, Schwarz KA, Janczyk M et al. Good things peak in pairs: a
note on the bimodality coefficient. Front Psychol 2013;4:700.

Rousseeuw PJ. Silhouettes: a graphical aid to the interpretation and val-
idation of cluster analysis. ] Comput Appl Math 1987;20:53-65.

Van Gassen S, Callebaut B, Van Helden M] et al. FlowSOM: using self-
organizing maps for visualization and interpretation of cytometry
data. Cytometry A 2015;87:636-45.

Vanderbeke L, Van Mol P, Van Herck Y ez al. Monocyte-driven atypi-
cal cytokine storm and aberrant neutrophil activation as key media-
tors of COVID-19 disease severity. Nat Commun 2021;12:4117.

Weber LM, Nowicka M, Soneson C et al. diffcyt: differential discovery
in high-dimensional cytometry via high-resolution clustering.
Commun Biol 2019;2:183.

Wulff DU, Kieslich PJ, Henninger F et al. Movement tracking of psy-
chological processes: a tutorial using mousetrap. PsyArXiv, 2023,
preprint: not peer reviewed. Doi:10.31234/osf.io/v685r, https:/osf.
io/preprints/psyarxiv/v685r.

Ye X, Ho JWK. Ultrafast clustering of single-cell flow cytometry data
using FlowGrid. BMC Syst Biol 2019;13:35.

Zaki M]J. SPADE: An efficient algorithm for mining frequent sequences.
Mach Learn 2001;42:31-60.

9202 UoJBIN 2 U0 3s8nb Aq ZZ0G18./S659€1G/01/0t/2191E/SOIEULIOJUIOIG/WOD" dNo"diIWepEo.//:SA)Y WOlj PAPEOjUMOQ


https://github.com/DII-LIH-Luxembourg/cycadas
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btae595#supplementary-data
https://github.com/DII-LIH-Luxembourg/cycadas
https://github.com/DII-LIH-Luxembourg/cycadas
https://doi.org/10.5281/zenodo.8382970
https://github.com/HelenaLC/CATALYST
https://github.com/HelenaLC/CATALYST
https://osf.io/preprints/psyarxiv/v685r
https://osf.io/preprints/psyarxiv/v685r

© The Author(s) 2024. Published by Oxford University Press.

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits
unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.

Bioinformatics, 2024, 40, 1-4

https://doi.org/10.1093/bioinformatics/btae595

Applications Note

9202 UoJBIN 2 U0 3s8nb Aq ZZ0G18./S659€1G/01/0t/2191E/SOIEULIOJUIOIG/WOD" dNo"diIWepEo.//:SA)Y WOlj PAPEOjUMOQ



	Active Content List
	1 Introduction
	2 Functionality and usage
	3 Conclusion
	Acknowledgements
	Supplementary data
	Conflict of interest
	Funding
	Data availability
	References


