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Abstract
From a computational perspective, clinical decision making requires classifying a
patient into classes that respond similarly to treatment.

Cytometry characterises individual cells in patient specimens by size, complexity
or surface markers. The result is a matrix per specimen with an unordered number
of rows re�ecting the cells and a de�ned number of cell-parameters as columns.
These data can be used for classi�cation, hence also for clinical decision making.

Classically, predictive modelling uses cell subpopulation quantities as a predictor
to classify each sample. The cell subpopulations are de�ned by binning cells with
similar characteristics. Sequential gating, manually de�ning cuts in the parameters,
or automated clustering are possibilities for binning.

In contrast to this two-step procedure, this thesis investigates the application of
neural networks to classify cytometry samples without prior cell subpopulation
identi�cation.

I provide a Cell Cloud Classi�cation python package (CCC): A modular frame-
work for neural networks to classify and investigate cytometry samples. The
investigation includes a novel, decision-tree based concept to explain the predic-
tions.

I study the impact of hyperparameters by classifying public cytomegalovirus
samples. The impact was measured using the classi�cation AUC. Here, using the
mean proved superior to maximum pooling. There were an optimum number of
layers, but the number of nodes was irrelevant. The number of drawn cells, but
neither replacement nor focus on rare cells were relevant. Surprisingly, network
initialisation a�ected performance, but validation and test performance correlated.

I study CCC in binary and multiclass simulations. Additionally, classifying T-cell
based �ow cytometry samples of (non-) starved human blood resulted in reliable
but non-classical discriminative cell subpopulations.

In summary, I present a python package to classify cytometry samples using
neural networks and show its application to real and simulated datasets.
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Zusammenfassung
Aus der Sicht von computerunterstützer Analyse erfordert die klinische Entschei-
dungs�ndung die Einteilung von Patienten in Klassen welche ähnlich auf Behand-
lungen ansprechen.

Zytometrie charakterisiert einzelne Zellen von Patientenproben nach Größe,
Komplexität oder Ober�ächenmarkern. Daraus ergibt sich eine Matrix pro biologis-
cher Probe mit einer ungeordneten Anzahl von Zeilen. Die Zeilen dieser Matrix
spiegeln die gemessenen Zellen der Probe wieder und die Spalten eine de�nierte
Anzahl von Zellparametern. Diese Daten können zur Klassi�kation und damit auch
zur klinischen Entscheidungs�ndung verwendet werden.

Klassischerweise verwendet prädiktive Modellierung Zellsubpopulationshäu-
�gkeiten als Prädiktoren, um jede biologische Probe zu klassi�zieren. Die Zellsub-
populationen werden durch das Eingruppieren von Zellen mit ähnlichen Eigen-
schaften de�niert. Sequentielles gating, das manuelle de�nieren von Grenzwerten
der Zellparametern, oder automatisiertes Clustering sind Gruppierungsmöglichkeiten.

Im Gegensatz zu diesem zweistu�gen Verfahren untersucht diese Arbeit die
Verwendung neuronaler Netze zur Klassi�zierung von Zytometrieproben ohne
vorherige Identi�zierung der Zellsubpopulationen.

Ich präsentiere das Python Paket CCC Cell Cloud Classi�cation (Zell-Wolken-
Klassi�kation): Ein modulares Framework für neuronale Netze zur Klassi�zierung
und Untersuchung von Zytometrieproben. Die Untersuchung beinhaltet ein neuar-
tiges, entscheidungsbaumbasiertes Konzept zur Erklärung der Vorhersagen des
neuronalen Netzes.

Ich untersuche den Ein�uss von Hyperparametern, indem ich ö�entlich verfüg-
bare biologische Proben mit oder ohne CMV klassi�ziere. Anhand der klassi�erungs
AUC wurde die Performance beurteilt. Zusammenfassen der Zellen mithilfe des
Mittelwerts war der Nutzung des Maximums überlegen. Für das neuronale Netz
gab eseine optimale Anzahl von Schichten, aber die Anzahl der Knoten spielte keine
Rolle. Die Anzahl der gezogenen Zellen, aber weder (nicht) wiederholtes ziehen
noch der Fokus auf seltene Zellen waren relevant. Überraschenderweise beein�usst
die Netzwerkinitialisierung die Performance, aber Validierung und Testperformance
korrelierten.

Ich untersuche CCC in Binär- und Mehrklassensimulationen. Darüber hinaus
führte die Klassi�zierung von T-Zell-basierten Durch�usszytometrieproben von
(nicht) gefasteten Blutproben zu zuverlässigen, aber nicht klassisch diskriminieren-
den Zellpopulationen.

Zusammenfassend stelle ich ein Python-Paket vor, um Zytometrieproben mit
neuronalen Netzen zu klassi�zieren und ich zeige die Anwendung auf reale und
simulierte Datensätze.
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Summary

From a computational perspective, clinical decision making requires classifying a
patient into classes that respond similarly to treatment.

Cytometry characterises individual cells in patient specimens by size, complexity
or surface markers. The result is a matrix per specimen with an unordered number
of rows re�ecting the cells and a de�ned number of cell-parameters as columns.
These data can be used for classi�cation, hence also for clinical decision making.

Classically, predictive modelling uses cell subpopulation quantities as a predictor
to classify each sample. The cell subpopulations are de�ned by binning cells with
similar characteristics. Sequential gating, manually de�ning cuts in the parameters,
or automated clustering are possibilities for binning.

In contrast to this two-step procedure, this thesis investigates the application of
neural networks to classify cytometry samples without prior cell subpopulation
identi�cation.

I build on the results from point cloud classi�cation1 which was applied suc-
cessfully in cytometric data analysis by CellCNN2 and DeepLearningCyTOF3.
CellCNN2 showed the successful application of shallow neural networks in �ow
and mass cytometry data. DeepLearningCyTOF3 expanded the idea to deep neu-
ral networks and showed their superiority in a mass cytometry dataset predict-
ing latent cytomegalovirus (CMV) in peripheral blood samples. Additionally,
DeepLearningCyTOF3 proposed a decision tree based algorithm to explain the
predictions of the neural networks.

There are some limitations in the current literature when applying neural net-
works to cytometry data. First, there is no ready-to-use package for neural network
application on cytometry data. Second, explaining the predictions of the neural
network is still an issue. Third, neural networks are heavily dependent on manu-
ally set hyperparameters, but no extensive investigation of their impact has been
provided yet regarding cytometry data.

In this work, I propose the FeatureLearner, Pooler and Predictor concept (FPP).
This concept formalises the structure of neural networks applicable for cytometry
data which are unordered cells with a de�ned number of cell-parameters.

The FPP concept is realised in the python package CCC, which is currently
available as gitlab repository in the group of Prof. Dr Spang. I provide the Cell
Cloud Classi�cation python package (CCC). A modular framework for neural
networks to classify and investigate cytometry samples.

The investigation inside CCC includes a novel, decision-tree based concept to
explain the predictions. The important internal features of the neural network are
identi�ed. In contrast to a single built decision tree for the complete network3,
multiple decision trees are built of each important feature. Multiple trees enable a
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more nuanced explanation of the behaviour of the neural network.
I study the impact of hyperparameters by classifying public CMV samples. The

impact was measured using the classi�cation AUC. Here, using the mean proved
superior to maximum pooling. There were an optimum number of layers, but the
number of nodes was irrelevant. The number of drawn cells, but neither replacement
nor focus on rare cells were relevant. Surprisingly, network initialisation a�ected
performance, but validation and test performance correlated.

I study CCC in binary and multiclass simulations. Additionally, classifying T-cell
based �ow cytometry samples of (non-) starved human blood resulted in reliable
but non-classical discriminative cell subpopulations.

In summary, I introduce FPP, a structural concept for neural networks in cytom-
etry and present a python package applying FPP to classify cytometry samples.
I propose a novel, decision tree based explanatory concept for neural networks
in cytometry and show the impact of neural network hyperparameters. Finally, I
show the application of CCC in two simulated and two real datasets.
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Glossary

[Cell] subsampling Cell subsampling subsamples = cells of a biological sample.
15, 46–49, 56, 59–62, 97, 104, 115

�xed Fixed subsampling subsamples = cells from a biological sample once
before using it in predictive modelling. 47–49, 52, 56, 60, 61, 99

un�xed Un�xed subsampling subsamples = cells from a biological sample
every time it is used. In contrast to �xed subsampling, the same subsam-
pled biological sample only contains the same cells if the total number of
cells # in the biological sample is = (when sampling without replacement).
47–49, 52, 56, 60, 61, 97, 99

random = cells are randomly chosen from a biological sample, can be �xed
or un�xed. 15, 46, 47, 49, 52, 56, 60, 61

outlierness-based = cells are chosen according to their outlierness from a
biological sample, can be �xed or un�xed. 16, 46, 47, 49, 52, 56, 60, 61

ADC Analog-to-digital converter xvi, 8, 140, 141
bin An interval on the x-axis of a histogram. 140
CCC design and performance nomenclature In part II where I investigate the

impact of hyperparameters on classi�cation performance I need to di�er between
variants and runs.

variant One variant is one set of hyperparameters de�ning the network
architecture and how cells are subsampled as network input. xv, 47, 49,
51–57, 59, 60, 62, 115, 144, 145

run One speci�c run includes multiple variants, where all variants were
initialised with the same internal weights. Therefore each run refers to a
certain seed for the pseudo-random number generator. Even when setting
all hyperparameters, the classi�cation performance of a neural network
will be di�erent depending on the randomly initialised internal weights.
Therefore to ensure reproducibility you can manually set a seed which
de�nes the pseudo-random initialised weights. xv, 47, 49, 51–57, 59, 60, 114,
115, 144–146

CD Cluster of di�erentiation 8, 9
cell subpopulation Cells with similar properties are binned into cell subpopula-

tions. xvii, 3–7, 10–12, 15, 17, 19–21, 39, 41, 42, 45, 59–61, 65–67, 78, 85, 86, 88–92, 95, 96, 98,
109, 115–119

cell subpopulation identi�cation The process of identifying cell subpop-
ulation based on the cell parameters ... 10, 11, 19, 20, 39, 66

gating ... through manually de�ned cuto�s. E.g. a cell with parameter�
"high" and parameter� "low" would be in the �+ |�− cell subpopula-
tion. iii, vii, 4, 5, 10, 11, 15, 17–20, 36, 37, 42, 65–67, 78, 85, 86, 88, 90, 91, 95,

xv



102, 103, 106, 108–114, 116–119, 139, 147, 148, 150
supervised ... through supervised learning where the cell subpopula-

tion label of some cells is already known. 18
unsupervised ... through unsupervised learning, e.g. k-means clus-

tering. 5, 19, 45, 65, 95
cell subpopulation identi�cation The process of quantifying cell subpop-

ulations in a biological sample. This results in absolute counts of cells in
each subpopulation or relative values of how large one subpopulation is
inside its parent subpopulation

cell subpopulation label The label of a cell subpopulation. From biology
this is T-cell or B-cell, from unsupervised clustering this is cluster1 or
cluster2.

discriminative cell subpopulationsA cell subpopulation di�ering in quan-
tity between two classes of samples. 10, 91, 95, 116, 117

cell-property Anything that de�nes a cell: Size, density, complexity, weight, via-
bility, enzymatic activity, ... xvii, xix, 3, 7, 8, 11, 12, 39, 40, 45, 59, 65, 89, 95, 115

channel An ADC with 1 ∈ ℕ bits can represent an analog value with 21 digital
values. One single of these values is a channel. 140

class xvii, xxii, 3–6, 10, 11, 19–21, 23, 33, 35, 36, 39–41, 45, 59, 65, 75, 77–80, 82–85, 88–90,
95–98, 101–113, 115–119, 147, 148

of a patient The class a patient is inside. E.g. High or low risk, young or old,
cancer stage I or II. The class is not necessarily constant over time: E.g.
Fasting vs a non-fasting sample of a single patient.

of a sample The class of a sample. It does not change and is recorded at the
time of measuring that sample.

classi�cation Process of assigning elements to pre-establishes classes. xv, xxi, 3, 5,
21, 23, 33, 36, 39–42, 45, 46, 48, 53, 60, 61, 66, 78, 90, 101, 102, 115–117, 119

binary classi�cation . . .when there are only two possible classes. Special
case of multiclass classi�cation. 33, 34, 40, 41, 47, 49, 60, 66, 75, 77, 80–82, 84, 86,
88, 95–97, 101, 104, 106, 110, 115–117, 119

multiclass classi�cation . . .when there are only more than two possible
classes. xiii, 18, 33, 40, 66, 75, 77, 78, 80, 84, 85, 95, 97, 104, 106, 116, 118, 119, 147

cluster of di�erentiation Protocol to identify and investigate cell surface marker
molecules for immunophenotyping cells. E.g. CD3, which is a T-cell marker.

CMV Latent Cytomegalovirus
compensation The process of removing spillover of a �ow cytometry sample.

10–13, 15, 139–141
doublet An event where two cells are detected at the same time. 9, 11, 14
event [in a �ow cytometry sample] A particle detected by the �ow cytometer.

This is not necessarily a single cell as doublets or debris might be detected. 5, 9,
11, 12, 14, 139

FCS Flow Cytometric Data File Standard 10, 139
feature A descriptive property of an element. xvii, 5, 11, 20, 21, 23, 26–28, 30, 32–34, 41,

66, 68–72, 82

xvi



of a cell Arti�cially created value of a cell created from combining cell-
parameters, possibly describing a cell-property. xvii, 33, 36, 40–42, 45, 48, 56,
59, 62, 65, 66, 78–91, 95, 98, 99, 101–103, 106, 108–112, 115, 116, 118, 119, 148, 150

of a sample A value of a sample usable in an algorithm. E.g. The number of
cells in a sample, the percentage of a cell subpopulation, phenotypic data
like age, sex or smoking status.

�ltering Filtering a �ow cytometry sample removes irrelevant cells, e.g. dead cells
and doublets. 10, 11, 35

�uorochrome A �uorochrome is a �uorescent dye which can be used to stain
biological material. xx, xxi, 8, 11–13, 46, 98, 99

FPP concept A modular concept to organise neural networks for point cloud data.
It consists of three parts: The FeatureLearner , Pooler and Predictor xxi, 3, 33, 35,
41, 45, 59, 60, 65, 66, 75, 87–92, 95, 97, 101, 115–117, 119

FeatureLearner The input is a matrix with cells as rows and all cell param-
eters as columns. Results in a new matrix with (usually) the same amount
of rows but new, arti�cially created cell-features. xvii, 3, 33, 34, 36, 40, 42,
45, 48, 49, 53, 55, 56, 59–62, 65, 66, 78–80, 85, 87, 89–91, 95, 97, 99, 101, 104, 106, 110,
115–119, 144–146, 148,

Pooler Takes a matrix with cells as rows and cell features as columns. Ag-
gregates each feature across all cells. xvii, 3, 33, 34, 40, 45, 46, 48, 49, 52, 54, 55,
59, 62, 65, 78, 89, 95, 97–99, 115, 118,
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Part I.

Cell cloud classification
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1. Introduction

1.1. Aim of CCC
The aim of cell cloud classi�cation (CCC) is to enable predictive modelling using
cytometry data from biological samples.

Cytometry characterises cells in a biological sample by cell-properties like size,
complexity or surface markers5. A measured cell-property is called a cell-parameter,
which de�nes each cell by numerical values suitable for further analysis. Therefore,
the resulting data of a biological sample is a matrix with a sample-speci�c number
of unordered cells as rows and a de�ned number of parameters as columns.

Predictive modelling in cytometry assigns a class label per biological sample
based on this data matrix. After the cells of an experiment are unordered, the class
of the biological sample can only be de�ned through the presence and quantity of
cells but not through an assessment of which cell was measured �rst or last.

Therefore, the classical way to apply predictive modelling on cytometry data
�rst de�nes cell subpopulations leveraging similarities in the cell-parameters. Then
each cell subpopulation is quanti�ed for each biological sample resulting in a
composition vector per biological sample. Finally, this composition vector can then
be used to �nd di�erences between classes of biological samples.

In contrast, recent advances2,3,6 use the data matrix directly. The advantage here
is that de�ning the cell subpopulations and using their quantities in an additional
predictive algorithm are not separated anymore. Neural networks are able to use
the data matrix directly2,3. However, there is no ready-to-use package to apply
neural networks on cytometry data.

In the following introduction, I will explain how to do predictive modelling
with cytometry data and neural networks. In the results, I propose a novel way
to modularise neural networks suitable for cytometry data: The FeatureLearner ,
Pooler , Predictor (FPP) concept. Finally, I will describe CCC, a python package for
predictive modelling on cytometry samples using neural networks based on the
FPP concept.

1.2. Predictive modelling
Predictive modelling uses measured biological samples to predict their belonging
class. This class enables clinical patient decisions when the class is known to
respond to a certain treatment. Any clinical decision needs experienced evaluation
of the patient information. A patient’s information can be questionnaires, expert
assessment or measurable properties of a biological sample like blood, urine or
tissue. Classically, experienced evaluation means: A doctor with prior knowledge
from medical school and the experience from previous cases decides on further
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1. Introduction

steps either implicitly or explicitly classifying the patient. Similarly, predictive
modelling uses this very same patient information, prior knowledge by de�ning an
initial model, and experience by training the model with data from previous cases
to predict the class

Mathematically speaking, predictive modelling is a function 5 : ℝ? → � which
maps ? values G ∈ ℝ? to a class label ~ ∈ � . The task is now to �nd this function 5
such that it predicts the classes of your samples. All samples together result in the
mathematical problem assigning the class labels to all # measured samples. The
data for this is then a matrix with # rows and ? features: - ∈ ℝ#×? .

In cytometry, it is a bit di�erent: Cytometry characterises individual cells of a
biological sample, and predictive modelling gives a class for the whole sample of
many cells. The cells are characterised by size, complexity or surface markers5. A
whole measured sample results in a matrix with an unordered number of cells as
rows and a de�ned number of cell-parameters as columns.

There are two major obstacles when analysing cytometry data: First, each bio-
logical sample 8 ∈ ℕ has a di�erent amount of cells =8 ∈ ℕ. Second, the cells are
not ordered.

Now, mathematically, predictive modelling with cytometry data becomes a bit
more complex:

5 : ℕℝ? → � (1.1)

A biological sample of cells becomes a matrix - ∈ ℝ=8×? : Each sample 8 might
have a di�erent number of cells =8 with ? measured cell-parameters each. These
cell-parameters technically span a ? dimensional space. Due to the unordered
nature of cells, reordering (permuting) the rows of- does not change the contained
information of the sample.

There are three major concepts to solve the two obstacles and enable predictive
models:

1. Divide the ? dimensional space into parts and summarise the cells in each
part.

2. Identify cell subpopulations and summarise the cells in each cell subpopula-
tion.

3. Use the cells directly but incorporate their unordered nature and the di�erent
number of cells.

In this thesis, I will present and examine an algorithm from the third concept.
You can summarise cells by just counting them or based on statistical measures

like mean, median, variance, interquartile range or by �tting bimodal distributions7.
Additionally, when hierarchical structures like manual gates were established, it is
common to report the absolute counts of a cell subpopulation and its percentage
inside the parent cell subpopulation5. For example, B-cells cells can be di�erentiated
into activated and non-activated B-cells. If there are 1000 cells in total, 100 B-cells,
70 activated and 30 non-activated B-cells, the reported percentage for activated is
70% and 30% for non-activated B-cells.

Apart from these three concepts, a recent approach8 solves a special problem
outside the three mentioned concepts: With a given gating scheme as a starting

4



1.2. Predictive modelling

point, optimise the rectangular gate positions simultaneously with the sample
classes based on cell proportions inside each gate.

For better readability, in the following, each new algorithm is introduced with
(�G−~): G is the concept number, and ~ is the algorithm number inside that concept.

Concept 1: Partitioning Divide your ? dimensional cell-parameter-space into
parts and summarise the cells in each part, see a conceptual visualisation in Fig-
ure 1.1. Then apply any predictive model using the summarised parts as features.

For example, you measured two cell-parameters ?1 and ?2 of a sample with 1000
cells. Cut the range of each cell-parameter into nine equally sized pieces. This results
in a grid of 9×9 parts. Each part gets a name: ?0AC1,1, ?0AC1,2, . . . , ?0AC1,9, ?0AC2,1, . . . , ?0AC9,9.
Each of these 81 parts should now hold the number of cells inside that part, and
can be used as features for predictive modelling.

This concept is realised in (�2−0...2) 2DhistSVM, DREAM-A and �veby�ve7.
(�1−3) The idea as described in the example was extended by probability binning9,10

where each part’s size is de�ned such that it contains the same number of events.
(�1−4) Cydar11 counts cells in a hypersphere around positions of randomly selected
cells. They then statistically test for di�erences between conditions with edgeR12,
accounting for overlapping hyperspheres.

Concept 2: Subpopulation identification There are two ways to identify cell
subpopulations: Either you use classical sequential gating, or you use unsuper-
vised cell subpopulation identi�cation. Classically, cytometry data is analysed by
sequential gating: Sequentially choose cuto�s resulting in a hierarchy to de�ne cell
subpopulations. Unsupervised cell subpopulation identi�cation uses algorithms to
identify cell subpopulations with similar properties.

To get a de�ned number of values as features for predictive modelling, the
identi�ed cell subpopulations can be summarised. The summarised value of each
cell subpopulation is then a useable feature.

For unsupervised cell subpopulation identi�cation, there are two possibilities,
shown in Figure 1.1 (B) and (C): Either cluster each sample by itself, followed by
meta-clustering to merge each sample’s clustering results. Or use all cells from
all samples and cluster them together. Note that the data can be over-clustered
(“high-resolution clustering”13): Extract way more clusters than actually present in
the data to prevent merging rare cell subpopulations into big clusters.

Extensive reviews exist7,13,14, but I will give a chronological overview for the
algorithms: (�2−1) One early approach15 used clustering with SamSPECTRAL16

followed by FeaLect17, a feature selection technique similar to Bolasso18. (�2−2)
SPADE-clustering19, followed by a combination of earth mover’s distance (EMD)20

and nearest neighbour classi�cation, was published in 201221. (�2−3) �owType with
RchyOptimyx22–24 which clusters with �owMeans25 and applies univariate (cluster-
wise) hypothesis tests with multiple testing correction. (�2−4) RchyOptimyx23 uses
the list of univariate tested clusters to distil the identi�ed cell subpopulations in
their simplest possible gating form. (�2−5) Citrus26 uses hierarchical clustering
followed by regularised linear models. (�2−6) FloReMi27 extended �owType22,24 to
survival data. (�2−7) Competitive SWIFT28 extends SWIFT29 with competing cell
subpopulation templates per class. (�2−8) MetaCyto30 goes the other way around
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by �nding all cell clusters, matching them across samples and identifying the e�ect
size of sample-wise factors. (�2−9) MASC31 also needs clustered cells but then
uses mixed-e�ect models to model the a�liation of each cell to its cluster. MASC
models with and without the class-covariate of a sample in addition to batch-e�ects
and clinical parameters. Each cluster’s class coe�cient informs where the class-
covariate signi�cantly improved the model �t, indicating the cluster-membership of
a cell is dependent on it. (�2−9...12) CyTOF work�ow32 and �owGraph33 are similar
approaches, as well as MIMOSA34 and COMPASS35 who use a Bayesian hierarchical
framework. (�2−13) di�cyt13 clusters with FlowSOM36 and uses edgeR12, limma37

or voom38 for di�erential analysis of all clusters between classes. They additionally
di�er between cell type markers, which are used for clustering, and cell state
markers, to test di�erential states within clusters. (�2−14) VoPo39 uses unsupervised
clustering per sample as a starting point, followed by multiple independently
calculated meta-clusterings. Finally, an unsupervised Laplacian score based feature
selection algorithm40 �nds the most useful meta-clusters, which are the input to a
random forest for predictive modelling.

Concept 3: Learn directly on cells The third concept to learn directly on cells
does not summarise cells before predictive modelling.
(�3−1) CellCnn2 uses a neural network approach with one single layer. This single
layer represents a linear combination of the cell-parameters per cell, followed by a
pooling layer like the mean or maximum over all cells of a sample, concluded with
another single layer to use the pooled values predicting the class.
(�3−2) CytoDx6 regards each cell as a small instance of a sample. The e�ect of each
cell is estimated by maximising a cell-parameter-regularised model over all cells
in all samples. The �nal predictor for one single sample is then the mean over all
estimated cell e�ects of that sample.
(�3−3) DeepLearningCyTOF3 use the same approach as CellCnn but extend it in
three ways: First, they propose deep convolutional neural networks, so multiple
instead of a single layer. Second, the possibility of including further patient in-
formation like sex, age, or batch of the patient’s sample. Third, they propose a
permutation-based way to describe the cell subpopulations responsible for the
predictions.
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(A)

(B) (C)

Figure 1.1.: Partitioning and clustering symbolic images. CD3 and CCR7 of one sample are always shown. (A) 2D-histogram
of counts with one possible partition where each marker is divided into ten equally spaced parts which result in 10 × 10
parts. (B) shows the clustering results. Each sample was clustered by itself and must be merged. (C) shows the clustering
results. All cells from all samples were clustered together; only one sample is shown.

1.3. What is cytometry data?
Cytometry characterises individual cells of a biological sample. A biological sample
contains millions of cells, and each of these cells has a certain size, certain density,
speci�c weight, some enzymatic activity and many more cell properties. Anything
that de�nes a cell is a cell-property, but only some of those cell-properties are
measurable. These cell-properties can then be used to characterise a cell. In the
following, I use cell-parameter as a measured cell-property quanti�ed through a
real number.

Mathematically speaking, the result of a cytometry experiment becomes a matrix
- ∈ ℝ=×? with = cells and ? cell-parameters.

There are two notable peculiarities with this kind of data: First, the number
of cells varies from sample to sample. Second, the order of cells is irrelevant. A
variable number of cells is ubiquitous but no big problem: We can downsample or
stop measuring the cells to get a �xed amount. The unordered nature of cells is
more interesting: The cells are measured in no particular order, so all information
about a biological sample is contained in the presence of cells or the quantity of
cell subpopulations!

1.3.1. Flow cytometry
Flow cytometry is the measurement of cell-properties in a �uid phase. The cells
might come from blood but can also be dissociated solid tissue cells41. Flow cy-
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tometry enables measuring and visualising anatomic, morphologic, and functional
cell-properties42. It enables rapid characterisation of thousands to millions of cells
with over 40 cell-parameters per cell.

Figure 1.2.: Fluid-based �ow cytometer schematic43. The nozzle focuses cells in suspension from a sample by creating a lam-
inar �ow. One or more lasers excite �uorochrome-labelled antibodies on cells44. Photodiodes then detect 1) the forward
light scatter informing about cell size and refraction index, 2) (orthogonal) side scatter informing about granularity and
3) the �uorescence signals informing about their connected antibodies41. An analog-to-digital converter (ADC) converts
the analogue signals into digital numbers to be analysed.

Flow cytometry consists of three key components44: The �ow cytometer instru-
ment, antibodies and �uorochromes.
1. The �ow cytometer instrument. A schematic of the instrument is shown in
Figure 1.2. A nozzle focuses cells in suspension from a sample by creating a laminar
�ow. This laminar �ow is enabled by a fast inner �uid stream (of cells) and a slow
outer �uid stream (sheath). Both streams run in parallel, guiding cells through
the laser(s). One or more lasers excite �uorochrome-labelled antibodies on cells44.
Photodiodes then detect 1) the forward light scatter informing about cell size and
refraction index, 2) (orthogonal) side scatter informing about granularity and 3) the
�uorescence signals informing about their connected antibodies41. The dichroic
mirrors split the di�erent light wavelengths to measure them separately. An analog-
to-digital converter (ADC) converts the analogue signals into digital numbers to be
analysed.
2. Antibodies. Antibodies recognise a unique molecule, the antigen, at a speci�c
binding site of the antibody. Thus, an antibody binds to a cell if it expresses the
antigen on the cell surface.
3. Fluorochromes. A �uorochrome is a �uorescent dye that can be used to stain
biological material. You conjugate a �uorochrome to the antibody, mix it with your
biological material and wash o� unbound antibodies. Now, the �ow cytometer can
measure the �uorescence from each cell which corresponds to the number of dyed
antibodies bound to this cell.

A cluster of di�erentiation (CD) is assigned to a cluster of monoclonal antibodies

8
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(mAbs) which recognise the same cell surface molecule. MAbs are cloned antibodies
binding to only one speci�c antigen. Di�erent monoclonal antibodies can react with
the same cell surface molecule. The Human Leukocyte Di�erentiation Antigens
(HLDA) Workshops de�ned the CD nomenclature: A non-descriptive CD number
is assigned to those mAbs that recognise the same cell surface molecule45. CD3 for
a protein complex on T-cells and designates both this protein complex as well as
the related mAbs.

In �ow cytometry, you measure events instead of cells. In �ow cytometry, an
event is any particle detected by the �ow cytometer. This particle, however, can
be debris, multiple cells at a time (called doublet if there are two cells measured a
time) or single cells. Preprocessing �ow cytometry data removes all particles which
are not single cells. Therefore I will refer to measured cells as the result of a �ow
cytometry experiment except during the explanation of preprocessing.
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Figure 1.3.: Schema of the measurement of a single particle46. A particle traverses the light beam, and the optical sensors
detect a voltage depending on the particle’s position. When the particle is centred in the light beam, illumination is at its
maximum. Consequently, the intensity of the scatter or �uorescence signal reaches its peak. Note that “particle” is most
times a single cell, but multiple cells may stick together. Thus, the entire generation (from baseline to baseline voltage)
is termed an “event”. The height of anevent refers to the maximum intensity of the pulse. The width re�ects the time
the particle spent in the light beam. The area is the integral of intensity over time. Additionally, an intensity threshold
excludes weak pulses of dust or debris.

9



1. Introduction

1.4. How to analyse cytometry data?
In this section, I will explain the usual work�ow when analysing cytometry data.

Data
loading

Pre-
processing

Compensation

Transformation

Normalization

Analysis

Cell population
identification(*)

Predictive
modelling

Cell population
identification

Predictive
modelling

Identify/Describe
cell populations

Filtering

QC

Subsampling

Figure 1.4.: Flow cytometry analysis work�ow: After a successful �ow cytometry experiment, the data are stored in FCS
�les which need to be loaded. After that, preprocessing prepares the data for further analysis. This can include com-
pensation, cell-parameter transformation, �ltering of irrelevant cells, normalisation and subsampling of cells. Then the
actual analysis of the data starts where two broad possibilities exist. Shown in the left branch and most commonly used:
Cell subpopulations are identi�ed via manual gating, automated gating or clustering algorithms. Then, predictive mod-
elling uses the summarised cells per biological sample and cell subpopulation to predict the biological sample’s class In
contrast, shown in the right branch: Directly use the preprocessed cells for predictive modelling. Note that cell subpopu-
lation identi�cation is here shown dashed branch as some algorithms include automated gating or clustering. Contrary
to the left branch, where the cell subpopulations are known and identi�ed before using them in predictive models, in the
right branch, the relevant cell subpopulations must be identi�ed afterwards. For more information on cell subpopulation
identi�cation see Figure 1.9.

(Flow) cytometry analysis can typically answer three questions:

1. How many and which cell subpopulations are present?

2. How many cells are in a speci�c cell subpopulation?

3. Which cell subpopulation discriminates classes of biological samples?

The last question includes the previous two: To be able to �nd discriminative cell
subpopulationss, you must be able to de�ne and count those subpopulations per
biological sample. Predictive modelling is the following application of last question’s
result: Predict the class of a new biological sample based on discriminative cell
subpopulationss.
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There are two work�ows to analyse cytometry data: Either in two steps, describ-
ing all cell subpopulations per biological sample, followed by predictive modelling -
shown in the left branch of Figure 1.4. Or in a “single” step: Let the models use the
cytometry data directly to �nd and predict the class of a biological sample - shown
in the right branch of Figure 1.4.

Both work�ows start by loading and preprocessing the data. Loading the com-
monly used data, stored in the . fcs data format, is described in the appendix,
section A. Preprocessing includes: Compensation for �uorescence signal spillover
(see subsubsection 1.4.1.1). Transformation of the measured values, some variant
of applying the logarithm, as cell-parameter values are log-normal distributed (see
subsubsection 1.4.1.2). Filtering of irrelevant events, note speci�cally “event” in
contrast to “cell”, so debris, doublets, dead cells are excluded, even when subse-
quent automated analyses are planned. Finally, normalisation might be necessary
to correct for batch-e�ects introduced through di�erent places, experiment times,
instruments, reagents or handlers.

After that, the two-step work�ow, shown in the left branch, describes all cell
subpopulations per biological sample by identifying and summarising the cell
subpopulations. Identify the cell subpopulations: Classically, they are de�ned by
manual gating, but also automated gating or clustering algorithms can be used.
Summarise the cells of each cell subpopulation per. Here it is possible to use the
total number of cells in a cell subpopulation, their relative frequency in the total
dataset or also their relative frequency regarding their parent cell subpopulation:
E.g. how many percent of CD3+ cells, the parent gate, are then either CD4-/CD8-
(double negative), CD4+/CD8+ (double-positive), CD4+/CD8- or CD4-/CD8+. Also,
more complex summary statistics derived from the number and cell-parameter
value of the cells are possible, like the mean or variance of a cell-parameter inside
a cell subpopulation. Finally, use the cell subpopulations summaries as features of
the samples to test for di�erences between classes or apply predictive modelling.

In contrast to describing cell subpopulations �rst and extracting the predictive cell
subpopulation second, the right branch of algorithms directly classi�es biological
samples based on single-cell input data. Within this class of algorithms, some
include automated gating or clustering internally, hidden from the �nal applicant,
so I dashed the cell subpopulation identi�cation node. Successful model building
means that it has predictive power. However, it might be necessary to describe the
cell subpopulations responsible for this predictive power. This can be either included
in the algorithm or be an additional task. In section 1.2 I already introduced the
three concepts of this right branch: Partitioning, cell subpopulation identi�cation
and learning directly on cells.

Many packages implementing cytometry work�ows exist in Bioconductor (Bio-
conductor) and on github47–53. Some packages also include guided user interfaces
(GUI) for analysis54–63.

1.4.1. Preprocessing
1.4.1.1. Compensation

Multiple cell-properties can be measured with �ow cytometry by using multiple
�uorochromes. Fluorochromes are �uorescent dyes that can be used to stain an-
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tibodies which then bind to the respective surface elements of a cell. By using
di�erent �uorochromes for di�erent antibodies, multiple cell-properties can be
measured.

However, �uorochromes do have spectral emission overlaps, see Figure 1.5 for
two exemplary �uorochromes. Light sources with a speci�c wavelength are used
to excite the �uorochromes, e.g. FITC with blue at 488nm and PE with yellow at
561nm44. The actual measurement of light is limited to a speci�ed bandwidth using
an optical bandpass �lter, denoted by grey-shaded rectangles in the �gure. When
the emission spectra of �uorochromes overlap, spillover happens: The measured
intensity of the bandpass related to one �uorochrome includes not only the light
of that �uorochrome but also from all other �uorochromes with emissions in that
bandwidth.

To retrieve the actual signal of one �uorochrome by itself, spectral overlap
compensation or short just “compensation” has been introduced64. Mathematically,
spectral overlap can be described as follows:

$ =  ( +� (1.2)

where $ ∈ ℝ?×= are the observed measurements for ? cell-parameters and =
cells.  ∈ ℝ?×? is the crossover, spectral overlap or spillover matrix. ( ∈ ℝ?×= are
the true values per cell-parameter and cell. � is a matrix with = identical columns
re�ecting an auto�uorescence vector 0 ∈ ℝ? which adds a constant value on each
cell-parameter for all cells: � = 0

(
1 . . . 1

)
=
ℝ?×= .  8 9 denotes the proportion of the

8Cℎ �uorochrome spilling over to the observed value of the 9Cℎ �uorochrome.
To extract the true values ( for all = events, you solve the previous equation for

S. This process is called “to apply compensation”:

( =  −1($ −�) (1.3)

After you already have your observed measurements $ , you still need  and �.
Note that the compensation-process uses the compensation matrix  −1 which is
the matrix inverse of the spillover matrix  65.

To obtain the spillover matrix, we need compensation beads or cells. Part of
compensation beads must be stained with a single �uorochrome. Another part must
be uncoated as a negative control cell subpopulation. The single-colour staining
enables the possibility to measure how much spillover from this single �uorochrome
spills into the other detectors. The percentage of signal spillover is then stored in
the spillover matrix44.

It became common66 to disregard the auto�uorescence matrix � because the
impact on the results was minor. Therefore compensation becomes simpler:

( =  −1$ (1.4)

However, after I investigated inconsistencies in my data, I found that for .fcs-�les
from Navios systems from Beckman-coulter Life Sciences, auto�uorescence was
included as follows: If the auto�uorescence is not stored in custom keywords, it
is de�ned to a constant value of roundly 0.0309 (for the area measurement). This
comes from the fact that the area from the Navios is measured with 20 bits (so
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1.4. How to analyse cytometry data?

maximum is 220 = 1048576), and the assumed auto�uorescence value is 324. Thus,
the default auto�uorescence percentage is 324

220 · 100 ≈ 0.0309. This number changes
for height (stored with 18 bits) and width (stored with 10 bits).
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Figure 1.5.: Normalised emission spectrum of �uorochromes FITC and PE. Gray shaded areas: Exemplary wavelengths
detected by the sensors. Green area: Additional detected emission from FITC by PE-sensors. Blue area: Additional
detected emission from PE by FITC-sensors. These additional emissions are called spillover. Modi�ed from67

1.4.1.2. Transformation

In �ow cytometry, the values of cell-parameters are approximately normally dis-
tributed on a logarithmic scale68. Thus for visualisation and further analysis, they
are usually log-transformed.

However, compensation can lead to negative values (see subsubsection 1.4.1.1)
where the logarithm is undetermined. There are di�erent ways to still trans-
form the data even when negative values are present: Logicle (sometimes called
biexponential)69, HyperLog70, box-cox71, linlog, generalised arcsinh (= sinh−1(0 +
1G))72 and �owVS which can automatically estimate suitable con�guration parame-
ters for the arcsinh73. More recently, rank transformation was proposed to mitigate
batch e�ects, but they strongly recommend combining it with usual preprocess-
ing steps - in particular compensation and debris removal6. See section B for the
mathematical description and visualisation of all the transformations.

Selecting the correct transformation and its parameters still remains data-dependent72,74.
Therefore I decided to stay as close as possible to the approach used in the lab-
oratory I got the data from: Hyperbolic arcsine, sinh−1(0 + 1G). Here G are the
measured values after compensation and 1 ∈ ℝ is a manually chosen parameter
and 0 = 0.
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Figure 1.6 shows the values of a sample stained with CD4 and CD8. The sam-
ple was properly compensated the subplot show: (A) no transformation (B) log-
transformation where all values < 0 are set to zero (C) arcsinh-transformation
with “cofactor” 150, the default value in �ow cytometry, = sinh−1( G150 ) (D) arcsinh-
transformation with expert-chosen parameters for CD4 and CD8: 1��4 = 1

3500 and
1��8 =

1
5000 .
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Figure 1.6.: Cytometry transformations. Every plot shows CD4 on the x-axis and CD8 on the y-axis. Plot (A) shows the
untransformed, compensated measurements as reference; all other plots show the transformed values. The colour denotes
the number of cells at that position where blue is at least one cell. In each plot are 50000 cells. I traverse the plot from
top left to bottom right. (A) Raw, compensated data (B) log, negative values set to 0 (C) arcsinh, both CD4 and CD8 are
transformed with sinh−1, 0 = 0, 1 = 1

150 , 2 = 0 (D) arcsinh, CD4 and CD8 are transformed with 0 = 0 but 1��4 =
1

3500 and
1��8 =

1
5000 according to expert knowledge from the laboratory

1.4.1.3. Filtering

Any cytometry experiment requires cleaning the events including debris and arte-
fact removal49. Doublets, two cells passing the sensor at the same time, dead cells
and debris are easily �ltered by checking the size and complexity cell-parameters.
Event bursts, a sudden spike in observed events as a result of �ow rate changes
or bubbles, can be identi�ed by plotting the number of acquired cells against the
measurement time per cell, and staining artefacts might be removed5. A doublet
event is a pair of cells measured together, resulting in a larger area but a smaller
height of the forward-scatter cell-parameter than single cells.
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Dead and damaged cells are excluded because they increase background signal
by unspeci�c antibody-binding and auto�uorescence. It is possible to use DNA
dyes impermeable to the plasma membrane, so viable cells have no �uorescence.
Common dyes to stain DNA are PI, DAPI, 7-AAD or EtBR. Even if suboptimal, light-
scatter properties (FSC, SSC) of cells can be used to discriminate from damaged
from viable cells5. This becomes even more di�cult with frozen and consequently
thawed sampled, especially to di�erentiate debris from cells75.

There are some packages to automatically clean samples from unintended cells,
but this analysis is often done through manual gating: �owCut76, PeacoQC77,
�opR78 or denoisingCTF79.

1.4.1.4. Batch correction

Batch correction removes systematic technical variation across batches of biologi-
cal samples. One single batch can be samples measured at one single day, from a
single person, at a speci�c machine or location, or reagents of a certain age. The
experiment-side can assure consistent measurements to some extent: Alignment
particles to check instrument precision, reference and calibration particles for in-
strument sensitivity, compensation standards for multicolour �uorescence analyses
and biological control samples depending on your measure of interest68.

A thorough study showed that �uorescent calibration beads could control some
technical variability80. Calibration beads are polystyrene particles with de�ned
particle sizes, �uorescence intensities and amount of beads in a given volume.

Computational batch correction is heavily dependent on the data at hand. I
used the arcsinh-transformation described in subsubsection 1.4.1.2 which stabilises
within-population variance aligning cell subpopulation over samples73. There
are more sophisticated methods36,73,81–91 for batch-correction, but my data was
consistent after that transformation.

1.4.1.5. Subsampling

Flow cytometry data has a variable number of cells for each measured biological
sample. Nevertheless, many algorithms in predictive modelling need an equal num-
ber of cells for all biological samples. Therefore I here introduce three subsampling
schemes.

For each sample 8 , there is a matrix of measurements - (8) ∈ ℝ=8×? with =8 ∈ ℕ
cells and ? ∈ ℕ cell-parameters. Row-wise (= cell-wise) subsampling of this matrix
results in the �nal matrix - ′ ∈ ℝ=×? to analyse.

ℝ=8×? BD1B0<?;4
−−−−−−−→ ℝ=×? (1.5)

Random Subsample cells randomly to a �xed number = of cells.
Each cell has the same probability of being included in the �nal matrix - ′. It is

straightforward to implement and does not change the underlying distribution of
cells. However, rare cell subpopulations will be lost: If you subsample 10000 cells,
but your cell subpopulation is only present once in 107 cells, this cell subpopulation
will be lost.
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Density-based Subsample cells density-based, equalising the density over the
spanned space of ? cell-parameters.

SPADE19 established the concept: Estimate the local density (!�) for each cell,
de�ned as the number of cells within each cell’s neighbourhood. Target density
()�) and outlier density ($�) de�ne which cells are kept. Local densities below
$� are discarded, up to )� all cells are taken, and �nally, high-density areas are
downsampled to a local density of )� . $� and )� are per default de�ned as
0.01 and 0.05 percentile of the previously calculated local densities per cell of one
sample.

?A>1 (:44?24;;8) =


0 if !�8 ≤ $�
1 if $� < !�8 ≤ )�
)�
!�8

if !�8 > )�
(1.6)

The local density is calculated by the following steps:

1. Get all cells of one sample

2. Estimate the median minimum distance between a cell and its nearest neigh-
bour,<43_<8=_38BC : Pick 2000 cells, calculate the minimum distance from
each cell to its neighbour and take the median.

3. The neighbourhood distance is then de�ned by this estimated median times
U :

38BC_CℎA4Bℎ>;3 =<43_<8=_38BC · U (1.7)

4. The local density of cell 9 of sample 8 , - (8)
9

is then de�ned by the number of
cells in an open ball.

!� 9 =

���{G ∈ - (8) |3 (G,- (8)9 ) < 38BC_CℎA4Bℎ>;3}��� (1.8)

Outlierness-based Subsample cells based on their outlierness.
The outlierness of a cell is proportional to the euclidean distance to other cells.

You can draw your cells according to that outlierness: The higher, the more likely
you choose that cell. Additionally, you are encouraged to randomly sample a part
of the cells and only the other part according to the outlierness.2 already use the
concept of outlierness based on92.

To calculate the outlierness in a computationally feasible way,92 propose to draw
a speci�ed number of reference cells randomly and calculate the distance of all
cells to these drawn. Then the outlierness for cell 2 with ? markers is de�ned as

>DC;84A=4BB2 = [min
2 ′∈C
(38BC (c, c′))]?>F (1.9)

where C is the set of randomly drawn reference cells from the current sample.
Note that I introduce a power (?>F ) to this outlierness: The higher this power,

the higher the probability of including distant cells.2 used a di�erent approach (so,
?>F = 1) but used only the top 10% cells based on outlierness when sampling cells
according to it. This has a similar impact as increasing ?>F .

The probability to draw cell 2 is then >DC;84A=4BB2∑all cells
2 >DC;84A=4BB2

.
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Figure 1.7.: Cell subsampling/downsampling variants. The exemplary sample had originally 552492 cells, subsampled to
10000. Every plot shows all 10000 cells, CD4 on the x-axis and CD8 on the y-axis. (A) A random sample. (B) Density-
based19 subsampling with $� = 0.01, )� is found (inside spade) such that the number of cells after downsampling is
approximately 10000. Achieved by �nding the density such that the sum of cells below that density plus the expected value
of cells retained above that density equals approximately 10000. (C) outlierness-based2,92. 50% (= 5000 cells) are drawn
randomly, the rest based on the calculated outlierness, ?>F = 1.5. To calculate the distance to all cells, 1000 randomly
drawn cells reference cells are used.

1.4.2. Cell subpopulation identification
The goal of cell subpopulation identi�cation is to assign a discrete label to each cell.
This label can be broad cell types like T-cell or B-cell or �ne grain distinction of deep
cell subpopulations inside functional cell hierarchies. These labels are assigned
utilising similarities in the cell-parameters.

Figure 1.9 shows an overview classifying cell subpopulation identi�cation into
manual gating, supervised and unsupervised analysis. Supervised learning needs ei-
ther pre-gated cells or gating templates. Unsupervised learning �nds cell subpopula-
tions without previous data. There are some excellent reviews and benchmarks5,7,14,32,74,93–110.

1.4.2.1. Sequential manual gating

Sequential manual gating uses manually chosen single values, rectangles, circles or
polygons as cuto�s to group cells into cell subpopulations. For this, you visually
explore one or two-dimensional cell-parameter-plots and place the gates properly.
Each of the cell subpopulations can then again be gated further to get even �ner
resolution cell subpopulations. These cell-parameters depend on the cell subpopu-
lation you want to “gate”. Leucocytes express CD45111, which is commonly used as
cell-parameter, so gating CD45+ cells selects leucocytes. In the exemplary gating
in Figure 1.8, CD3+ cells (T-cells) are gated inside the leucocytes, and the CD4 and
CD8 expression of the cells are shown in a 2D-histogram. An often criticised prob-
lem, especially in the computational analysis community, is that manual gating is
subjective, time-consuming, hard to reproduce and di�cult with high-dimensional
data (10 is already high-dimensional)5,74,95,104,106.

There are many coding environments to help gating cells manually and e�ciently
with many samples48,49,51–53,56,60,63,112–120. However, subjectivity and reproducibil-
ity are still problematic: Measuring in two places or even only on two di�erent
machines is rarely directly comparable because of shifts in the measured values.

1.4.2.2. Supervised cell population identification

A natural extension for manual gating is to take samples with previously labelled
cells and apply the de�ned rules to new samples. Applying a de�ned gating to
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Figure 1.8.: The exemplary gating starts with a pre-gated sample of CD45+ singlets (pre-gates not shown). In the leftmost
picture, only CD3+ cells re�ecting T-cells are chosen. In the upper row, CD4- and CD8+ cells of the previously selected
CD3+ cells are chosen and �nally CD45RA+/CCR7+ (naive) cells inside the rectangle. In the lower row, CD4+ and CD8-
cells of the �rst selected CD3+ cells are chosen and �nally CD45RA+/CCR7+ (naive) cells inside the rectangle.

new samples is possible, but there are also impressive advances in algorithmic
approaches. Supervised machine learning algorithms rely on annotated datasets, so
you need either labelled training cells or a prede�ned gating template to be used to
train the algorithm. After the learning phase, the algorithms can predict the type
or label of new, unlabelled cells.

Supervised cell subpopulation identi�cation identi�cation can be split into two
types:

Cell-parameter based Use cell-parameter values to predict each cell’s label di-
rectly. Publications applying this principle are a support vector machine approach121,
DeepCyTOF122, �owLearn123, a linear discriminant analysis (LDA) approach124 and
optimalFlow125. Apart from these algorithms, explicitly built for cytometric data,
most multiclass classi�cation algorithms like random forest, decision tree, linear
classi�cation, naive Bayes classi�er, or neural networks can be used as the setting
is always a given matrix of data with = cells and ? features (- ∈ ℝ=×? ) related to
some label vector ~ ∈ ℕ= .

Template based Use gating templates and automatically �nd the best gating
strategy based on the cell-parameter values of all cells. This approach is applied
in OpenCyto114, �owDensity126, ACDC127 and a bayesian tree variant of ACDC128.
For OpenCyto114 and �owDensity126 a gating template is a sequence of 2D gates
de�ned by the markers and their position (positive or negative). For example, the
gating template CD45 and CD3 combined with positive and positive (CD45+, CD3+)
yields T-cells based on optimised cuto�s. ACDC127 and its variant128 need a marker
table similar to the gating template: Also de�ned by the markers and their position.
Contrary, the position can be 1 (positive,present, +), −1 (negative, absent, -) or
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1.4. How to analyse cytometry data?

0 (don’t consider). ACDC127 creates landmarks based on a scoring scheme and
community detection129 followed by semi-supervised classi�cation. The variation
of it128 builds a tree-structured underlying model and solves the problem of learning
the gating trees in a Bayesian framework.

1.4.2.3. Unsupervised cell population identification

Unsupervised cell subpopulation identi�cation identi�es cell subpopulations with-
out any prior knowledge but based on cell-parameter similarities: You are clustering
cells. After assigning each cell to a cell subpopulation, these cell subpopulations
need to be biologically described in their composition. After cytometry data can
be high-dimensional, dimensionality reduction is a commonly used approach to
prepare data for further unsupervised analysis.

Clustering can be performed either per sample, each possibly containing a vari-
able number of cells, or on all cells from all samples at once101. There are many vari-
ants of clustering130 and extensive reviews are already present7,14,32,98,99,101,102,104–106,131.
Some papers compare algorithms quantitatively in addition to a pure review: Liu et
al.106, with a complete collection of algorithms, using one sample of peripheral blood
mononuclear cells publicly available from cytobank132. There is also one review on
multiple datasets and with emphasis on rare cell subpopulation detection101. The
FlowCAP challenges7,133,134 also compared the performance of many algorithms on
multiple datasets.

The most popular methods according to number of citations106 are ACCENSE135

and DensVM136. ACCENSE �rst reduces dimensionality with t-SNE137 followed by
detecting density-peak based clusters. DensVM additionally incorporates a support
vector machine classi�er to predict cells distant from the found peaks.

More recent approaches are GigaSOM, a Julia adaption of FlowSOM36 applicable
to billions of cells, SCHNEL138 which uses hierarchical stochastic neighbour em-
bedding (HSNE)139 as the basis for Louvain community detection140 and a recent
�nite mixture of skew normal factor analyser approach141.

Most algorithms are applied per sample. Thus, a follow-up meta-clustering is
necessary to match the found clusters across samples. Here one approach is to clus-
ter each sample, followed by clustering the cluster centres73,142 into meta-clusters.
Alternatively, cells from all samples can be pooled and clustered together143,144.
QFMatch145 proposes adaptive binning on beforehand clustered cells.

After cell subpopulation identi�cation is �nished, it is necessary to describe
the resulting clusters106. MEM146 or �owCL147 can identify feature signatures for
each cluster and annotate those with cell type ontogenies. Otherwise, a manual
investigation of each cluster to �nd overexpressed markers is necessary.

1.4.3. Predictive modelling
After data loading, preprocessing and possibly cell subpopulation identi�cation, we
are ready to apply predictive modelling to predict the class of a biological sample. I
explained predictive modelling and its variants for �ow cytometry in section 1.2.
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Cell population
identification*

Manual gating

Supervised

Unsupervised

Identify/Describe
cell populations

Label based Template based

Figure 1.9.: Cell subpopulation identi�cation options. Classical manual gating is the basis for supervised learning. Super-
vised learning is split into 1) label based learning where the training data consists of cells with their respective label
and 2) template-based learning where the “training data” are cell subpopulation templates which are used to �nd opti-
mal splits to �nd the positive (+) or negative (-) cell subpopulations. Unsupervised learning identi�es and quanti�es cell
subpopulations without any prior knowledge based on cell-parameter similarities.

1.5. Cytometry data are high dimensional point
clouds

In cytometric data, many cells are measured with a de�ned number of cell-parameters.
This can be mathematically described as matrix - ∈ ℝ=×? with = cells and ? cell-
parameters. Predictive modelling then uses this matrix to predict a class for this
complete matrix of all cells.

Point clouds are a special type of data where each point has a de�ned amount
of features but no de�ned order. Features can be 3D coordinates or colour and
temperature of each point. There is no order in the 3D example of point clouds
because each point only de�nes a position in space. This position is �xed, regardless
of the order in which points are examined. Mathematically, point clouds can be
described as matrix / ∈ ℝ=×5 for = points and 5 features. Predictive modelling can
then be used to classify the object that complete point cloud represents, e.g. a chair
or a mug.

Comparing cytometry data - and point clouds / , we see the only di�erence
is: Cells have cell-parameters, and points have features. Mathematically they are
identical; only the number of cell-parameters is usually higher than the number of
features. Therefore cytometry data of one biological sample can be described as a
high-dimensional point cloud where each point re�ects a cell.

Cytometry data have a variable number of acquired cells per biological sample,
which is also the case for point clouds. A biological sample has only a limited
amount of cells, but this amount varies from sample to sample. Thus there is a
natural limit of cells to measure! In contrast, a point cloud has no natural limit:
You can set the number of acquired points by de�ning the resolution you want to
achieve and the time you have to measure each object. However, in principle, the
point cloud of your �rst chair might contain a di�erent number of points than your
second chair. Therefore the variable number of rows is present in both data types.

The unordered nature of the matrix rows is present for point clouds and cytometry
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data. For point clouds, there is a technical necessity to measure each point one
at a time. But if we measured the same object at a di�erent time or in a di�erent
order of screened surface elements, the object would always stay the same. For
cytometry, it is also a technical necessity to measure cell by cell, and it is generally
assumed that the order of cells holds no further information about the biological
sample. If we were able to measure the same biological sample again, only the cell
order would be completely di�erent.

Also, the aim of predictive modelling is similar; just the target is di�erent: In
cytometry, we classify biological samples into speci�c types of patients. In point
cloud classi�cation, we classify the presented object. But also here, the mathematical
task is the same: Assign a single label to a complete matrix of values. In other
words: Assign the entirety of cells or points from one sample to a class All points
together could form an aeroplane or a chair; all cells together could describe the
tumour stage of a patient. Interestingly, this type of question is essentially multiple
instance learning.

Formally148, multiple instance learning can be described by an instance G in
the instance space X, usually X ⊆ ℝ3 . Each instance is de�ned by a vector with
3 real-valued elements. A bag - ∈ ℕX includes at least one instance, possibly
duplicated instances and bags are allowed to overlap. The goal of multiple instance
learning is to �nd a function

5 : ℕX → . (1.10)

which �nds an association from each bag to an outcome~ ∈ . . When we understand
cells or points as instances, a bag of instances represents a cell or point cloud.

In reality, there are no duplicated cells, and overlapping bags cannot exist in
cytometry: Each sample has its own unique cells. However, two biological samples
can overlap when you think of the measured cell-parameters and the cell subpopu-
lations the re�ect: Both measured samples could have activated B-cells de�ned by
speci�c cell-parameter values, but sample 1 also has non-activated B-cells, de�ned
by other cell-parameter values. Now there are overlapping cells (the activated
B-cells) across the two samples (=bags)!

1.6. Supervised learning

The concept of supervised learning aims to �nd a mapping from input variables,
also called features, to an outcome. Given a set of training samples{

s(8), 8 = 1, . . . , =
}
=

{
(y(8), x(8)), 8 = 1, . . . , =

}
(1.11)

which include the outcome(s) y(8) for each sample 8 and the features x(8) which
should be used to model the outcome. These training samples are then used to �nd
that mapping from input x to output y.

But let’s start more rigorously149: A sample with sample size = is de�ned by
the set {

s(8), 8 = 1, . . . , =
}

(1.12)

where s is a vector of< elements. This sample of size = has been drawn from the
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total population of # samples. The basic assumption is that there exists a true,
underlying stochastic mechanism: The data generating process (DGP), which could
have generated this observed sample. The stochastic properties of this sample are
completely described by their joint probability density of all = realisations:

5s(1) ,s(2) ,...,s(=) (s(1), s(2), . . . , s(=)) (1.13)

When we assume an independently and identically distributed (883) sample
{
s(8), 8 = 1, . . . , =

}
,

all marginal probability densities are identical:

5s(1) ,s(2) ,...,s(=) (s(1), s(2), . . . , s(=)) =
=∏
8=1

5S(s(8)) (1.14)

We are usually only interested in describing the endogenous variables through the
exogenous. For this, let

s(8) = ©­«
y(8)

x(8)

w(8)
ª®¬ =


to explain, response, dependent, outcome or endogenous variable
explanatory, independent or exogenous variable
variables without e�ect on y(8)∀8 ∈ {1, . . . , # }

(1.15)
To distinguish between w and x is often not possible but the task of an algorithm.
Using this separation of s, we can factorize 5S(s(8)):

5S

(
s(8)

)
= 5W|Y,X

(
w(8) | y(8), x(8)

)
5Y|X

(
y(8) | x(8)

)
5X

(
x(8)

)
(1.16)

We see now that to explain y(8) given the explanatory variables x(8) it is su�cient
to �nd the conditional density 5Y|X

(
y(8) | x(8)

)
. We want to �nd a model which

resembles this density.
So we try to �nd a function (or model) 6(s(8) ;Θ) with a model-parameter vector

Θ ∈ ℝ? such that the resulting probability density is the same as the probability
density of the process, which generated the data in the �rst place.

5<>34;(

(
s(8) ;ΘCAD4

)
= 5(

(
s(8)

)
(1.17)

If we have a model whose model-parameters allow the above equation to be true,
the model is “correctly speci�ed”. To �nd these correct model-parameters is a
di�erent question, though!

Generally speaking, we have a model with a set of ? model-parameters whose
true values we cannot know exactly but would like to �nd out. Here one approach
is to use the maximum likelihood estimation. For this, we need to de�ne the joint
likelihood

!(Θ; y, x) =
=∏
8=1

5 (y(8) |x(8),Θ) =
=∏
8=1

; (Θ; y(8), x(8)) (1.18)

which we want to maximise, so we want to �nd the model-parameters Θ with
the highest likelihood that they generated the observed data. ; (·) is the likelihood
contribution for each observation 8 and 5 (·) is the probability density. This problem
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can be rephrased into an optimisation problem of the following form:

0A6max
Θ

1
=

=∑
8=1

log 5 (y(8) |x(8),Θ) (1.19)

which is the result of the expected value from log(!(Θ; y, x)).
Linear regression, as one example for supervised learning, uses an additional

assumption: 6 is linear in its model-parameters, and only the model-parameters
must be estimated

6(x(8), V) = V1x(8)1 + V2x
(8)
2 + · · · + V?x

(8)
? (1.20)

where V 9 ∈ ℝ are the linear model-parameters for each of the ? elements in x. For
a single outcome, this linear model assumes that the data generating process looks
as follows:

~ (8) = V0 + V)x(8) + n (8) (1.21)

With the additional assumption that n (8) is 883 ∼ N(0, f2), the probability density
becomes

5 (~ | x;\ ) = 1
√
2cf2

4
− 1

2f2 (~−6(x(8) ,Θ))
2

(1.22)

where now Equation 1.19 can be solved. Note that solving this analytically becomes
impossible for more complex models but must be optimised using gradient descent.

In the use-case of this thesis, I only apply supervised classi�cation. Everything
stays the same, just the outcome~ ∈ . are classes. Thus, the outcome space becomes
2 discrete values where each value corresponds to one class: . = 0, 1, . . . , 22;0BB4B .

1.7. Neural networks

The goal of neural networks is to �nd some true function 5 : X → Y. The network
itself approximates this function, 5̂ : X → Y which maps an input x ∈ X to some
output y ∈ Y. For simplicity, I will refer to the approximated function 5̂ only if
necessary. Otherwise, I will use 5 and assume that 5̂ = 5 due to some optimisation
algorithm.

The function 5̂ is actually de�ned by a model-parameter set Θ. Θ := (Θ, ,Θ� )
includes internal weights of the network Θ, but also hyperparameters Θ� like net-
work architecture with its number of nodes, number of layers, activation functions,
optimiser choices and many more. In contrast to the hyperparameters Θ� , weights
can be inferred from the data during model training.

1.7.1. Logistic regression leads to neural networks

I here start with logistic regression as it can be seen as a single layer perceptron.
Logistic regression is a supervised method to �nd a linear combination of features
to classify a sample into either the “0”-class or “1”-class.
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Assume that

%A (. = 1|- = G) = ? (G ;Θ) (1.23)
%A (. = 0|- = G) = 1 − ? (G ;Θ) (1.24)

for some function ? with a set of model-parameters Θ. In logistic regression, all
model-parameters can be inferred from the data. For a sequence of = Bernoulli
trials ~ (1), . . . , ~ (=) of a constant probability of success ? , the likelihood is

=∏
8=1

?~
(8) (1 − ?)1−~ (8) (1.25)

When we assume = independent and identically distributed samples, the conditional
likelihood function can be written as

=∏
8=1

%A (. = ~ (8) |- = G (8)) =
=∏
8=1

? (G ;Θ)~ (8) (1 − ? (G ;Θ))1−~ (8) (1.26)

Now, the model we are looking for tells us that ? is not constant for all 8 but
dependent on the values G (8)! Thus the �rst likelihood becomes

=∏
8=1
(? (8))~ (8) (1 − ? (8))1−~ (8) (1.27)

where we introduce ? (8) = ? (G (8) ;Θ) which claims that ? (8) should be the same for
identical G (8) .

A logistic model (or logistic transformation) 6 : - → . is the log ratio of the
probabilities for each class:

6(x) := log % (. = 1|- = G ;Θ)
% (. = 0|- = G ;Θ) (1.28)

By solving Equation 1.28 for % (. = 1|- = G ;Θ) = ? (G ;Θ), we get

6(x) = log ?

1 − ? (1.29)

?

1 − ? = 46(x) (1.30)

? = 46(x) − ?46(x) (1.31)

? =
46(x)

1 + 46(x)
(1.32)

? =
1

1 + 4−6(x)
= f (6(G)) (1.33)
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when 6(x) is linear, this is the classical logistic regression model:

6(x) = log % (. = 1|- = G)
% (. = 0|- = G) = V0 +

:∑
9=1

V 9G 9 (1.34)

? =
1

1 − 4−(V0+
∑:
9=1 V 9G 9)

(1.35)

By rewriting that we end up with:

? (G ;Θ = V) = 1

1 − 4−(V0+
∑:
9=1 V 9G 9)

(1.36)

Now, this is pretty, but we still need to estimate the model-parameters V somehow.
Here we can use maximum likelihood estimation, where the likelihood becomes
(for 883 samples):

!

(
Θ| (x(1), ~ (1)), . . . , (x(=), ~ (=))

)
=

=∏
8=1

? (x(8))~ (8) (1 − ? (G (8)))1−~ (8) (1.37)

resulting in the following negative log-likelihood with Equation 1.30

−;
(
Θ| (x(1), ~ (1)), . . . , (x(=), ~ (=))

)
= (1.38)

= −
=∑
8=1

[
~ (8) log? (x(8)) + (1 − ~ (8)) log

(
1 − ? (G (8))

)]
(1.39)

= −
=∑
8=1

[
~ (8) log

(
? (G (8))

1 − ? (G (8))

)
+ log

(
1 − ? (G (8))

)]
(1.40)

= −
=∑
8=1

[
~ (8) log 46(x(8) ) + log

(
1 − 1

1 + 4−6(x(8) )

)]
(1.41)

= −
=∑
8=1

[
~ (8)6(x(8)) + log

(
1

1 + 46(x(8) )

)
)
]

(1.42)

=

=∑
8=1

[
log

(
1 + 46(x(8) )

)
− ~ (8)6(x(8))

]
(1.43)

Now we would usually like to solve that by di�erentiating with respect to each
model-parameter V8 , set this to zero, di�erentiate it again to make sure we found a
minimum and use the resulting equations to �nd an analytical solution - but here
no closed form solution exists. Thus we have to approximate it numerically, e.g.
using gradient-descent150. The derivative however will be useful later, so I show it
already here:

m; (Θ)
mV 9

=

=∑
8=1
[~ (8) − f (6(G (8)))]G (8)

9
(1.44)

where f (I) = 1
1+4−I

We can use the chain-rule to easily di�erentiate this formula using Equation 1.33,
Equation 1.34 and Equation 1.39. For simplicity I calculate it for a single sample 8
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to be able to omit all supersets (8) and I omit all (G) where possible:

m; (Θ)
mV 9

=
m; (Θ)
m?
· m?
m6
· m6
mV 9

(1.45)

=

[
~

?
+ 1 − ~
? − 1

]
(1.46)

· f (6(G)) [1 − f (6(G))]
· G 9

=

[
~

?
− 1 − ~
1 − ?

]
(1.47)

· ? [1 − ?]
· G 9

= [~ − ?] G 9 (1.48)
= [~ − f (6(G))] G 9 (1.49)

Then we can update each model-parameter using gradient descent150:

V=4FC = V>;3C − [
m; (V)
mVC

(1.50)

= V>;3C − [
=∑
8=1

[
~ (8) − f (V0 +

:∑
9=1

V 9G
(8)
9
)
]
G
(8)
C (1.51)

where [ ∈ ℝ is the step size. All model-parameters are then updated until conver-
gence.

1.7.2. Single layer perceptron

The perceptron151 with a single output is the easiest variant of a neural network: 5
maps an input of multiple values G ∈ X ⊆ ℝ: to a single value ~ ∈ Y ⊆ ℝ. This
setting is visualised in Figure 1.10. For simplicity, I will omit the bias in the future,
as in principle you can imagine it like an additional input G0 with the constant
value 1 where the weight is equivalent to the previously introduced bias V0, see
Figure 1.11.

G1

G2

...

G:

∑V0
f y

F1
F2

F:

Figure 1.10.: Single layer perceptron for : input features G1, . . . , G: , a bias V0 and an activation function f : ℝ → ℝ. The
input feature values x are multiplied with the respective weights {F8 ∈ ℝ |8 ∈ {1, . . . , : }}. Then they are summed plus
a bias: I := V0 +

∑:
8=1 G8F8 and activated to get the �nal result ~ = f (I) .
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G1

G2

...

G:

G01

∑
f y

F0 =∧ V0

F1
F2

F:

Figure 1.11.: Single layer perceptron for : input features G0, G1, . . . , G: and an activation function f : ℝ → ℝ. The input
feature values x are multiplied with the respective weights {F8 ∈ ℝ |8 ∈ {0, . . . , : }} and the ‘bias-weight’ V0 for the
constant G0 = 1. Then they are summed: I :=

∑:
8=0 G8F8 and activated to get the �nal result ~ = f (I) .

With this, the function 5 becomes

5 : ℝ: → ℝ (1.52)

G ↦→ f (
:∑
8=1

G8F8) = f (,G)

with , ∈ ℝ1×: and ∀8 ∈ {1, . . . , :} : ,18 = F8 . If f is a linear transformation
between �nite vector spaces, there is always a matrix ( representing that function.
Then we can simplify 5 :

5 : ℝ: → ℝ (1.53)

G ↦→ f (
:∑
8=1

G8F8)= (,G

=, ∗G

This result shows that f should be non-linear. Otherwise there would be always be
a matrix of network weights, ∗ which can replace (, . This becomes even more
important with the multi layer perceptron, see subsection 1.7.4.

After we designed the network architecture, we need a way to �nd the weight
matrix, . The model-parameters Θ here consist of the internal, trainable weights
Θ, = {, } and the hyperparameter which activation function Θ� = {f} to choose.

We can de�ne f based on the distribution of Y. For this simple network, this
actually results in logistic regression152. For this, let f (I) := 1

1+4−I , then the complete
network translates to

5 (G) = 1
1 + 4−,G

=
1

1 + 4−
∑:
8=1F8G8

(1.54)

which is identical to Equation 1.36 when replacingF8 with V8 (and without intercept).

1.7.3. Training a neural network

After the hyperparameters Θ� are set, we want to estimate the trainable model-
parameters Θ, . This is usually done by gradient-based optimisation where some
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objective function is optimised153. When explicitly minimizing it, it is usually called
cost, loss or error function:

;>BB (5 (G), 5̂ (G ;Θ)) (1.55)

for the true function 5 : X → Y and its estimate 5̂ . 5̂ depends on the model-
parameter set Θ. Supervised learning claims that your data are pairs of values:
(~ (8), x(8)) and I write ~̂ (8) = 5̂ (x(8) ;Θ) as the predicted value.

I rewrite the network structure as shown in Figure 1.12, omitting the bias for
the sake of simplicity. The following introduction is roughly based on a recently
published book154. It becomes clear that a neural network is just a composition of
(possibly complex) functions.

G1

G2

...

G:

∑
f ~̂

F1
F2

F:

ℎ0(G) = I 60(I) = ~̂ ;>BB (~, ~̂)

Figure 1.12.: Single layer perceptron for : input features G0, G1, . . . , G: and an activation function f : ℝ → ℝ. The input
feature values x are multiplied with the respective weights {F8 ∈ ℝ |8 ∈ {0, . . . , : }}. Then they are summed: I :=∑:
8=0 G8F8 and activated to get the �nal result ~̂ = f (I) . The complete network is a composition, 5̂ (G) = (60 ◦ ℎ0) (G) .

Including the loss function, this can be written as composition of three functions: (;>BB ◦ 60 ◦ ℎ0) (G) .

When we choose a simple loss, e.g. based on the loss-function of the squared
di�erence between predicted and true value:

� := ;>BB (~, ~̂) = 1
2

=∑
8=1
(~ − ~̂)2 (1.56)

We optimise the model-parametersFC ∈ Θ, by gradient-descent150 and now have
to di�erentiate this loss with respect to each weight:

F=4F
C = F>;3

C − [
m�

mFC
(1.57)

= F>;3
C − [

=∑
8=1

m� (8)

m~̂

m~̂

mFC
(1.58)

With the formulation as a composition, further applying the chain rule results in

= F>;3
C − [

=∑
8=1

m� (8)

m60

m60
mℎ0

mℎ0
mFC

(1.59)

Now I go through the calculations step by step for a single instance 8 (Thus I write
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� when I should write � (8)):

m�

m60
=
m�

m~̂
=
1
22(~ − ~̂) (−1) (1.60)

m60
mℎ0

=
mf (I)
mI

= f (I) [1 − f (I)] (1.61)

mℎ0
mFC

= GC (1.62)

⇒ = F>;3
C − [

=∑
8=1
(~̂ (8) − ~ (8)) · (f (I (8)) [1 − f (I (8))]) · (GC ) (1.63)

which is very similar to Equation 1.51 plus the slope of the sigmoid function f .
Back-propagation is an algorithm that computes this chain rule in a very e�cient

order153. If we calculate the complete derivative m� (8)

mFC
for each C , we soon observe

that some subexpressions (Equation 1.60 and Equation 1.61) are identical regardless
of C . The back-propagation algorithm computes the gradients one layer at a time and
iterates backwards from the last layer. This backward iteration enables the e�cient
calculation of all gradients without redundant calculations of intermediate gradients.
In this particular example, even if you have the two functions (and therefore two
derivatives) 60 and ℎ0, you would still call that a single layer because a layer is
usually the aggregation of values (the matrix multiplication) and a subsequent
activation function (60).

In principle, the only necessity here is that every intermediate function (ℎ0, 60)
and di�erentiable. However, the ReLU-function155 is a prominent example that this
is not even strictly necessary as it is not di�erentiable at 0.

Then the calculated gradients can be used in gradient-descent150 to �nd the
optimal model-parameters.

1.7.4. Multi layer perceptron

We here use feedforward networks (so, no circles in the neural network), also called
multi layer perceptrons (MLP)153. As in the single layer perceptron, 5 maps an input
of multiple values G ∈ X ⊆ ℝ: to a single value ~ ∈ Y ⊆ ℝ. Now the di�erence is
that there is not only one layer but multiple so called hidden layers. This setting
is visualised in Figure 1.13. In this �gure, each layer is called dense layer with
subsequent activation function. Thus, each part of the function can be written as
matrix-multiplication with a subsequent (non-linear!) activation, see Figure 1.13.

In Figure 1.13:
ℎ8 (I) :=,8I (1.64)

where,8 ∈ ℝ2×2, e.g. for the �rst layer 8 = 1

ℎ1(G) =
(
F11 F13
F12 F14

) (
G1
G2

)
(1.65)

The complete equation becomes

5̂ (G) = 62(,261(,1G)) (1.66)
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Figure 1.13.: Multi layer perceptron for : input features G0, G1, . . . , G: with two hidden layers which are de�ned by the
functions ℎ1 and ℎ2 where each function is followed by an activation function 61 or 62 respectively. The result is a
two-dimensional outcome vector ~̂ which can be written as ~̂ = 5̂ (G) = (62 ◦ ℎ2 ◦ 61 ◦ ℎ1) (G)

And we can optimise it the same way as shown for a single layer by going backwards
through the network with gradient descent.

1.7.5. Convolutional neural network
Convolutional neural networks156 are neural networks that use convolution in at
least one of their layers instead of the previously described matrix multiplication153.
Most times, convolutional neural networks consist of convolutional layers followed
by a pooling layer and further dense layers.

The classical setting for convolutional layers resides in 2D images which might
consist of 50 × 30 pixels where each pixel has 3 colours (red, green, blue). To follow
the nomenclature of pytorch157, your (single) input image is of shape (# ×�8= ×
� ×, ) where # = 1,�8= = 3, � = 50 and, = 30. A convolutional kernel, or
receptive �eld153 is de�ned by pytorch157 as:

>DC (#8, 2>DC 9 ) = 180B (�>DC 9 ) +
�8=−1∑
:=0

F486ℎC (�>DC 9 , :) ∗ 8=?DC (#8, :) (1.67)

for the 2D cross-correlation operator. You can imagine it as a �eld of a speci�c size
(the kernel) sliding over the inputs to generate a new feature map. In pytorch’s
nomenclature, this convolution transforms an input to an output with the following
dimensions:

ℝ#×�8=×�8=×,8= → ℝ#×�>DC×�>DC×,>DC (1.68)

de�ned by

�>DC = b
�8= + 2 · ?0338=6� − 38;0C8>=� (:4A=4;� − 1) − 1

BCA834�
+ 1c (1.69)

,>DC = b
,8= + 2 · ?0338=6, − 38;0C8>=, (:4A=4;, − 1) − 1

BCA834,
+ 1c (1.70)

which you can imagine as sliding over the whole image. There are a few possible
con�gurations:

Padding Adds values to the boundaries of your image, thus your e�ective image
size becomes bigger.
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1.7. Neural networks

Dilation Denotes the spacing between every kernel element.

Stride Denotes the stride between the application of the kernel. When you set
this to 1, the kernel is applied to each pixel after each other. If bigger than
one, pixels are skipped.

for each con�guration, separate settings for height � and width , are possible.
Importantly, the weights of the kernel are the same, regardless of the position
where it is applied. Therefore, gradients have to be aggregated across all applied
positions during backpropagation!

We can apply convolution to cytometry data: For an input - ∈ ℝ=×? of = cells
and ? cell-parameters, the data can be described as ℝ=×? matrix for every biological
sample. Thus in pytorch-nomenclature we can write this as (# ×�8= ×�8= ×,8=) =
(# × 1×= × ?). We choose the kernel as 1× ? , then weights are shared across cells
but not across cell-parameters, see Figure 1.14. Additionally, this convolution is
chained with some nonlinearity, I use the ReLU-function155: A4;D (G) =<0G (0, G).
The resulting matrix after the convolution is (# ×:×=×1) when : di�erent kernels
are used. Each of the kernels refers to its own set of weights combining the ? cell-
parameters. Con�gure padding as 0, dilation and stride as 1. Then the convolution
becomes a special case as it can be replaced with a matrix multiplication. The
convolution results in the activation matrix per sample of the form � ∈ ℝ=×: :

�8 9 =

?∑
<=1

-8< ·F 9
< (1.71)

whereF 9
< is is the<-th weight of kernel 9 . We see that this is nothing else than a

matrix multiplication:
� = -, (1.72)

where, ∈ ℝ?×: .

?

=

weights

+ ReLU

1
=

One weighting

of one layer

Figure 1.14.: Exemplary convolution over the complete row (=cell) of an input matrix from cytometric data with = cells and
? markers.

1.7.6. Batch normalisation
Batch normalisation in neural networks is a method to speed up training the
network and allows to be less careful about initialisation158.

During training a neural network, stochastic gradient descent does not use all
samples simultaneously to update the internal weights. Instead, only part of all
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training samples are used step by step. The samples used in one part are called a
batch of samples, and the number of samples in one batch is called batch size.

Internal covariate shift is a phenomenon158 where each layer’s input values have
a di�erent distribution of values from batch to batch. This is a problem because the
layers need to adapt continuously to the new distribution.

Batch normalisation is a layer placed before any other layer inside the neural
network. For a layer with 5 input features G ∈ ℝ5 , batch normalisation can be
described mathematically in two steps. First each input feature is normalised
separately:

G′8 =
G8 − � [G8]√
+0A [G8]

(1.73)

so the value of the 8-th input feature becomes normalised according to its expected
value and variance computed over the training data set.

Second, a transformation step is added to restore the representation power of
the network:

~8 = W8G
′
8 + V8 (1.74)

where W8 and V8 are trainable model-parameters. ~8 is then the output of the batch
normalisation layer for the 8-th input feature.

The features now have the same distribution, which now o�ers a promise of
faster and less initialisation dependent model training158.
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2. Results

2.1. FPP concept
I propose the FeatureLearner, Pooler, Predictor (FPP) concept, a general layout for
neural networks, applicable on point cloud, single cell or more general multiple-
instance data (see section 1.5). For clarity I will use solely cell instead of point or
instance. One biological sample consists of multiple cells. This data is special as
each sample - ∈ ℝ=×? with = cells and ? parameters per cell where the rows are
unordered.

In Figure 2.1 I visualise the FPP concept which consists of three parts:

1. The FeatureLearner , a neural network, uses a matrix - ∈ ℝ=×? with = cells
as rows and ? parameters as columns as the input. The FeatureLearner
transforms the input - into the matrix � ∈ ℝ<×: where usually, but not
necessarily,< = =.

2. The Pooler part aggregates all rows from the FeatureLearner result matrix �
for each column : using @ ∈ ℕ≥1 permutation invariant function(s).

3. The Predictor , again a neural network, uses these ℝ@×: pooled values to
predict the class of the biological sample. The classi�cation problem at hand
(e.g. binary classi�cation or multiclass classi�cation) de�nes the form of the
output layer of the Predictor .

The FeatureLearner is a function which �nds and identi�es predictive cell-features
for the classi�cation problem. The resulting cell-features are de�ned through
the internal FeatureLearner parameters which describe how the measured cell-
parameters are merged.

A symmetric function is per de�nition permutation-invariant, as a function
5 : �= → � is symmetric for two sets � and � if and only if for all permutations c
and ∀8 ∈ {1, . . . , =} G8 ∈ �

5 (G1, G2, . . . , G=) = 5 (Gc (1), Gc (2), . . . , Gc (=)) (2.1)

This holds, for example, for the mean, sum, maximum or product of all values G8 .
See Figure 2.2 and Figure 2.3 for exemplary network structures for a binary

classi�cation problem.
The Predictor itself solves a supervised problem. The ℝ@×: matrix from the Pooler

will be vectorised in one long vector ℝ@·: as input for the Predictor . After the Pooler
there is no more multi-instance problem: For each sample 8 , there is a class ~ and a
vector of features G ∈ ℝ@·:+0 .
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Figure 2.1.: FeatureLearner, Pooler, Predictor (FPP) concept: A general layout for a neural network applicable on single cell
data. A matrix- ∈ ℝ=×? with= cells as rows and ? cell-parameters as columns is the input to the FeatureLearner , a neural
network. The FeatureLearner transforms the input - into the matrix � ∈ A40;<×: where usually, but not necessarily,
< = =. After transformation, the Pooler part aggregates all rows for each column : using @ ∈ ℕ≥1 permutation invariant
function(s). The Predictor uses these ℝ@×: pooled values for prediction, again with a neural network. The data dependent
problem de�nes the mathematical form of the prediction and therefore the �nal layer of the Predictor .

?

=

weights

+ Batch-
norm + ReLU

1
=

One weighting of one layer

Figure 2.2.: One exemplary weighting inside one layer of
the FeatureLearner . One layer consists of multiple such
weightings. Each weight refers to its respective parame-
ter from left to right. This weighting is followed by batch
normalisation, and a ReLU-function is used as nonlinear-
ity.

:1:2:3:4:5:6:7:8

Hidden layer 1

Hidden layer 2

Hidden layer 3

Figure 2.3.: Exemplary Predictor , here shown as a multi
layer perceptron. The input to the Predictor are the
pooled values over all cells from the Pooler and possi-
bly additional information related to the biological sam-
ple. Each of the pooled values is regarded as one self-
contained feature of the biological sample. The output
is here shown as single node for a binary classi�cation
problem but adaptable to any supervised learning prob-
lem.
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2.2. CCC work�ow

2.2. CCC workflow

The python package CCC contains a routine cccrunner.run() which handles pre-
processing, training, validation and testing on new data for you. It makes use of the
FPP concept (see section 2.1) and is guided by pytorch-lightning159, a pytorch157

wrapper, and hydra160 to set hyperparameters. Here I will give an overview of
the core-functionality and conceptional layout of the package, closely following
Figure 2.4

CCC follows the �ow cytometry analysis work�ow explained in section 1.4 and vi-
sualised in Figure 1.4. First, preprocessing: Transformation, �ltering, normalisation
and subsampling can be performed inside CCC. Second, predictive modelling using
the FPP concept directly on the preprocessed cell cloud data. Third, investigation
of the �nal model and its predictions.

CCC consists of three major pipelines: Training, testing and inference, see
Figure 2.4.

Each pipeline starts by creating MetaData objects consisting of the �lenames,
class labels and additional information about each of your biological sample. Each
�le must include all cells and their parameters for one sample. After the MetaData
objects are created, either separate MetaData objects are given for training, valida-
tion and test set, or one MetaData object is split according to the data-con�guration.

The resulting MetaData parts are used to generate the actual data (point clouds)
where transformations are de�ned in the gen_pointclouds-con�g. Transformations
include subsampling of cells, actual mathematical transformations like 0B8=ℎ or
log or more complex methods and combinations. Pre-Pre-transforms and pre-
transforms special transformations that are only applied when loading the �les
the �rst time and are persistent. Thus pre-transformations are useful because the
resulting data is saved for fast access. In contrast, transforms (mind the missing
“pre-”) are applied every time a sample is used and are not persistent. For example,
given a sample of 50000 cells, when randomly drawing 1000 cells during pre-
transformation, you can subsequently only use exactly those chosen 1000 cells.
In contrast, when randomly drawing 1000 during transformation, each time the
sample is used, they are drawn again randomly from the total 50000 cells. This
example can be used for subsampling: Usually, samples consist of a high, variable
number of cells. By pre-transforming each sample to a random subset of 50000 cells,
you restrict every sample to have exactly this amount of cells. The nomenclature
of transformations is based on the usage in pytorch157.

If in training or test mode, all possible feature combinations are per default
plotted for one exemplary sample: Raw plots use the complete data without any
transformation. Processed plots show pre-transformed data with and without
transformation.

Training During training, the model-con�guration de�nes which network, how
many layers, nodes, which activation functions, etc., are used. Also, verbosity is an
option: Intermediate plots and values can be shown in (e.g.) Tensorboard - however,
mind that intermediate plots increase the computational burden. If a GPU is in use,
this burden worsens because plotting needs the data on the CPU. Consequently,
much data is regularly swapped between GPU and CPU.
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2. Results

The training -con�guration de�nes the actual training process: Learning rates,
number of epochs, which validation value(s) to monitor, GPU-usage or how the
Dataloader behaves during each epoch. The �nal best model based on the validation
performance is saved as a checkpoint-�le into a directory de�ned by hydra160.

Testing During testing, the directory of a previously learned and saved model
must be given. This model is then loaded and applied to the given test data.

Afterwards, many investigative plots can be automatically generated, con�gured
by the investigation -con�guration. Apart from ROC curves, activation plots and
SHAP-plots, three important �les should be mentioned. First, part_meta_dict . pickle
includes the MetaData objects used for training, validation and test data. Second,
CleanTestOutput. pickle holds most of the intermediate values from the network
in a nicely prepared form for further use in plots or other subsequent investigations.
Third, if decision trees and gatings were computed, dtrees_gatingnodes . pickle
holds the decision trees and gatings for each sample class

SHAP-plots explain the importance of each cell-feature from the FeatureLearner .
Decision trees and gatings replace the FeatureLearner with a comprehensive approx-
imation how the network �nds the important cells for classi�cation. SHAP-plots,
decision trees and gatings will be explained in Part III.

A convenience function check_�nal_models () enables application and com-
parison of multiple models, easy exchange of test-datasets and overwriting of
con�gurations. This con�guration can enable or disable functionalities of the
investigations.

Inference During training, the FeatureLearner can be approximated with multiple
decision trees, explained in detail in Part III. These decision trees are saved in
dtrees_gatingnodes . pickle and use the original ? cell-parameters. Each decision
trees cuts the cell-parameters to approximate each of the : generated cell-features
from the FeatureLearner . During training, discriminant decision tree leaves are
identi�ed. Those speci�c leaves then have a di�erent number of cells for each class
of biological samples.

During inference, you do not apply the trained network but apply the saved
decision trees. The number of cells inside each discriminant leaf then “predicts”
the class of the biological sample. Before applying those gates, the MetaData is - as
during training and testing - used to generate the actual point clouds, including
((pre-)pre-)transformations.
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Figure 2.4.: CCC work�ow. Start your analysis by creating MetaData object(s), which are consequently split into training,
validation and test part. If run.mode is either train or test, all possible combinations of raw feature values for one sample
are plotted. Then the point clouds are generated according to the gen_pointclouds-con�guration. Again, all possible
combinations of cell-parameters for one biological sample are plotted, always with pre-transforms but with and without
transforms. Training behaviour is de�ned by the model-con�guration de�ning the model and the training -con�guration
de�ning the training process itself. The �nal model, intermediate values and plots are saved. Afterwards, this saved model
can be tested: Proceed through the whole process again but apply the model to the test data without retraining. Many
investigations of these results are switchable through investigation -con�guration. Decision trees and gatings can be
saved. Finally, another subsequent call of this work�ow in the inference mode applies the previously found decision trees
to new data without training nor applying the neural network for fast and explainable prediction of new samples.
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3. Discussion

Cytometry characterises individual cells of a biological sample. A cell is de�ned
through all of its cell-properties, but only part of them are measured in a cytometry
experiment. Those measured cell-parameters are used to characterise the cell. A
biological sample contains millions of cells, and their characterisation can be used
to de�ne cohesive cell subpopulations which re�ect certain anatomic, morphologic
or functional types of cells42.

Flow and mass cytometry share the same concept of measuring cells: Di�erent
dyed antibodies are mixed with the cell suspension, bind to their respective cell
surface markers, and the dye can be measured. In �ow cytometry, there are �uores-
cent dyes, where mass cytometry uses metallic dyes. It is possible to characterise
millions of cells from a biological sample with up to 50 measurements per cell5.
These measurements can be written as a matrix of unordered cells in the rows, and
some cell-parameters per cell in the columns de�nes the biological sample.

In this thesis, I use cytometry data for predictive modelling, where a class is
assigned according to all cells of a biological sample together. This class enables
clinical patient decisions when the class is known to respond to a certain treatment.
Due to the unordered nature of cytometry measurements, only the presence or
quantity of cells de�ne the class of a biological sample but not which cell was
measured �rst.

There are multiple approaches for predictive modelling in cytometry which can
be grouped into three concepts. First, partition and count cells based on the marker
values followed by predictive modelling7,9–11. Second, apply unsupervised cell sub-
population identi�cation followed by predictive modelling7,13–17,19,22–24,26–28,30–32,39.
Third, use all cells without previous summarisation of the cells2,3,6.

In this work, I focus on predictive modelling based on the third concept where
all cells are used directly. I use a neural network which uses a de�ned number of
cells per biological sample, weights their cell-parameters, summarises the weighted
cells and �nally yields the class label of the biological sample. In contrast to
splitting cell subpopulation identi�cations and predictive modelling, where all cell
subpopulations must be found and the predictive model has to select the ones
relevant for the classi�cation, the neural network directly searches only for the
cell subpopulation(s) relevant for the classi�cation. Therefore there is no more
restriction to prior knowledge about cell subpopulations nor potential loss of
relevant cell subpopulations as all populations are looked at simultaneously.

The �rst application of neural networks to �ow cytometry was in 20172. Multiple
linear combinations of the cell-parameters were followed by an aggregation per
linear combination across all cells. This aggregation was either the mean or the
maximum, which resulted in one single value per sample and linear combination. Fi-
nally, a linear combination of these values followed by a sigmoid function predicted
the binary class of a biological sample.
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More recently3, using neural networks in cytometry was improved. Instead of
having only linear combinations of the cell-parameters and also the aggregated
values, introducing multiple layers improved the performance. Multiple layers
enable more complex, non-linear combinations of cell-parameters and aggregated
values. In consequence, multiple layers improve the capability of the network to
model more complex relationships between cells and classes of biological samples.

A related concept to neural networks in cytometry is point cloud classi�cation.
Multiple points de�ned through 3D coordinates in space form a point cloud, and
this point cloud can have a speci�c shape. Point cloud classi�cation aims to classify
the shape of a given point cloud. There are multiple approaches to classify point
clouds with neural networks1,161–172. Again: A point cloud is a number of unordered
points where three values de�ne each point, and this complete point cloud has
a certain shape (=class). Cytometry data is a number of unordered cells where ?
cell-parameters de�ne each cell, and all cells together have a certain class. From
a mathematical point of view, there is no di�erence between point clouds and
cytometry data. Both are a matrix with a number of unordered items as rows and a
de�ned number of values per item as columns. Thus, we can use advances from the
�eld of point cloud classi�cation in cytometry! A small caveat here might be that
the number of cell-parameters is usually higher than the number of values of each
point, so some advances in point cloud classi�cation might not work equivalently.

In this part, I introduce a modular concept organising neural networks for cytom-
etry data and a python package applying the concept. For this I build on the works
in cytometry2,3 and point cloud classi�cation1,161–172. My FeatureLearner , Pooler and
Predictor (FPP) concept consists of three modular parts. First, the FeatureLearner
transforms the measured matrix of a biological sample into a new matrix with
new, predictive cell-features. Second, the Pooler aggregates these cell-features into
a composition vector of values per biological sample. Third, the Predictor uses
this composition vector to predict the �nal class. Modularity comes from the fact
that each of these three parts can be replaced by any neural network structure
as long as it ful�ls the same purpose! Exemplary, the Pooler can be the mean per
cell-feature but also the maximum, or even both together, resulting in two pooled
values per cell-feature. The Predictor can be easily replaced according to what your
prediction should look like: A sigmoid function as output for binary classi�cation,
soft-max function for multiclass classi�cation or a single output node for regression
problems.

A predictive cell-feature describes some cell-property that is present only in
informative cells. If only T-cells were informative, only those would get a high cell-
feature value, and all other cells get the value zero in that speci�c cell-feature. Thus
when aggregating with the mean, biological samples with no T-cells have a mean of
zero, but biological samples with some T-cells have a positive mean. Subsequently,
the Predictor can leverage this di�erence. The narrative behind “informative” is: If
the FeatureLearner built only uninformative cell-features, the performance after
pooling could not possibly be good. The opposite is not necessarily true, though: If
the performance of the Predictor is good, it means only that some combinations of
some of the cell-features were informative. Still, neither all cell-features have to be
used by the Predictor , nor does one cell-feature alone have to predict the class of a
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biological sample.
In addition to the pooled cell-features, any sample-wise information can be in-

cluded by just extending the pooled vector by the number of additional features3:
The input for the Predictor becomes all pooled cell-features and these informations.
Additional features can be any sample-wise information like age, sex or also batch
numbers of the respective experiment. However, for their3 speci�c binary classi-
�cation dataset, the classi�cation performance did not improve by incorporating
additional information per biological sample.

With CCC (Cell Cloud Classi�cation), I built a python package that implements
the FPP concept. It is easy to use and directly applicable to new data with two
or more classes of biological cytometry samples. The package’s functionality is
optimised towards binary and multi-class classi�cation problems. To date, the
package is available on the local GitLab-repository from Prof. Dr Rainer Spang.

Apart from classi�cation problems, regression problems are already possible
in CCC; just the investigative follow-up plots are not designed accordingly. An
additional, more complex issue is modelling survival of biological samples because
of censored survival times. This should be a minor problem though, as modelling
survival is already established for neural networks173–184.

In summary, I provide a Cell Cloud Classi�cation python package (CCC). It is
a modular framework for neural networks to classify and investigate cytometry
samples. The investigation includes a novel, decision-tree based concept to explain
the predictions.

The CCC package is ready-to-use and can be used for predictive modelling
with classi�cation and regression problems. It may be interesting to see the per-
formance of the FPP concept not only in �ow and mass cytometry but also in
higher-dimensional data like single-cell RNA-seq (scRNA-seq). These hold around
20000 cell-parameter per cell185 where the curse-of-dimensionality must be re-
garded as distances are not reliable anymore186. However, unreliable distances
are ubiquitous for most algorithms regarding scRNA-seq. An initial dimension
reduction is often proposed as the �rst step to avoid this issue185.

Incorporating confounders of a biological sample might be useful. The Predictor
can take additional sample-speci�c values like age, sex, smoking or other risk factors
but also technical batch-e�ect information like executive personnel, place or date
of the measurement. Another publication3 showed that there was no classi�cation
performance improvement for their dataset when using demographic data: Age,
sex and race groups. However, including demographic and other sample-speci�c
confounders might lead to better results in other datasets.

In line with incorporating confounders, including classical cell subpopulation
counts directly as sample-speci�c values might enhance CCC. Classically, cells
from cytometry measurements are binned into cell subpopulations. Afterwards, the
number of cells inside each cell subpopulation of a biological samples are used as
feature for predictive modelling. When these cell-numbers are known, the neural
network can use them directly and does not need to emulate them in a cell-feature.
Consequently, only unknown cell subpopulations must be found additionally as
cell-feature. This might improve classi�cation performance and interpretability of
the cell-features.
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3. Discussion

Pre-training the neural network might be a potential solution for limited amounts
of data and might improve interpretability. Assume the cell subpopulation for each
cell is known (manual, supervised or unsupervised) gating. A neural network
can be used to predict each cell’s cell subpopulation. This network could just be
multiple dense layers predicting the probability of each cell subpopulation. This
can be understood as adding a cell subpopulation-prediction layer directly after
the FeatureLearner . If this network trained successfully, its FeatureLearner-part can
be used as a starting point for the actual classi�cation problem at hand. There are
multiple advantages of this approach:
1) A biological sample could be used twice as the optimisation target from the
classi�cation, and cell subpopulation prediction problem are unrelated.
2) Cell subpopulation prediction can be trained on unrelated samples without clas-
si�cation label information.
3) As the FeatureLearner has a cell subpopulation-speci�c starting point after the
�rst training, the �nal FeatureLearner will be closer to real cell subpopulations,
hence possibly more interpretable.
4) The FeatureLearner weights can be frozen but also unfrozen during the actual
classi�cation problem, thus the cell-feature can still be adjusted. If the cell subpop-
ulation information is unavailable, the supervised cell subpopulation prediction
might be replaced with an autoencoder whose �rst part is then used as the Feature-
Learner .
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CCC design and performance
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1. Introduction

Cytometry characterises cells of a biological sample by cell-properties like size,
complexity or surface markers. A measured cell-property is called a cell-parameter,
which de�nes each cell by numerical values suitable for further analysis. Up to
50 measured cell-parameters characterise each cell5, and the resulting data is a
matrix of unordered cells in the rows, and some cell-parameters as columns. A
biological sample contains millions of cells, and their characterisation can be used
to de�ne cohesive cell subpopulations which re�ect certain anatomic, morphologic
or functional types of cells42.

Predictive modelling in cytometry assigns a class label to a biological sample
according to all measured cells of that sample. This class enables clinical patient
decisions when the class is known to respond to a certain treatment. Due to the
unordered nature of cytometry measurements, only the presence or quantity of
cells de�ne the class of a biological sample but not which cell was measured �rst.

There are multiple approaches for predictive modelling in cytometry which can
be grouped into three concepts. First, partition and count cells based on the cell-
parameters followed by predictive modelling7,9–11. Second, apply unsupervised cell
subpopulation identi�cation followed by predictive modelling7,13–17,19,22–24,26–28,30–32,39.
Third, use all cells without previous summarisation of the cells2,3,6.

In the �rst part of this work, I introduced the FPP concept, a concept to organise
neural networks for predictive modelling in cytometry. FPP resides in the third
concept. Multiple cells of a biological sample are used together to predict the
class the biological sample. FPP consists of three parts. First, the FeatureLearner
transforms the measured matrix of a biological sample into a new matrix with new,
predictive cell-features. Second, the Pooler aggregates these cell-features into a
composition vector of values per biological sample. Third, the Predictor uses this
composition vector to predict the �nal class.

Any neural network has a certain architecture which must be de�ned through
hyperparameters before training. Training then uses the data to optimise the
weights. The architecture together with the weights then yield a prediction for
each biological sample. The FPP concept can be implemented by using dense layers
for the FeatureLearner and Predictor . In that case, all nodes from one layer are
connected to all nodes from the following layer plus some non-linear activation
function. Therefore, the number of nodes, layers and activation functions are
architectural choices before training. Additionally, the Pooler must be chosen
between such that all cells are aggregated into a single value without taking the
order of cells into account.

In addition to architectural choices for neural networks, there is a further pseudo-
hyperparameter: Network initialisation. Neural networks are de�ned by the con-
nections between nodes and the weights of these connections. These weights are
found by optimising a loss function suitable for your classi�cation problem: In
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1. Introduction

essence, the data de�nes the weights. However, to optimise those weights, they
need some initial values. It is impossible to set all initial values to zero due to the op-
timisation. State of the art is to initialize dense layers by drawing the weights from
a uniform distributionU(−:, :) with : = 1

5 40CDA4B8=
for all layers157. Thus the initial

seed for drawing random values can be understood as pseudo-hyperparameter.
There was a recent, successful application of neural networks to CyTOF data6.

CyTOF is similar to �ow cytometry, but instead of �uorochromes, metallic dyes are
used for the binding antibodies, which can be measured with a time-of-�ight mass
spectrometer. 472 blood samples from multiple studies were used to predict latent
cytomegalovirus (CMV). Based on this data and their analysis, the best architecture
was a neural network with two dense layers of three nodes each to combine the
cell-parameters, mean as Pooler and a single dense layer with three nodes.

A general consideration when using cytometry data in predictive modelling is if
and how to subsample cells. In section 1.4.1.5 I introduced three ways to subsample
cells: 1) Random where a de�ned number of cells are randomly subsampled. 2)
Density-based subsampling of cells, equalising the density over the spanned space
of all cell-parameters. 3) Outlierness-based, where the outlierness of a cell is
proportional to the euclidean distance to other cells. Depending on your data and
the related classi�cation problem, di�erent subsampling variants might be optimal.

In this part of the thesis, I investigate architectural hyperparameters, subsam-
pling variants and the initialisation pseudo-hyperparameter with respect to their
performance impact on the classi�cation of non-/CMV biological samples.
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2. Methods

2.1. CMV dataset

I used 472 samples in the ImmPort database187 from nine studies including SDY112,
SDY113, SDY305, SDY311, SDY315, DSY472, SDY478, SDY515, and SDY519188–190.
These studies mainly examined in�uenza in plasmablasts and T-cells of healthy
individuals but also assessed latent cytomegalovirus (CMV) status. Following a
recent publication3, I identi�ed the studies and their samples by querying the
ImmPort database for healthy individuals with CyTOF and CMV antibody titer
data. I downloaded the data, transformed all cell-parameters with the standard
arcsinh-transformation and a cofactor of 5 (0A2B8=ℎ( G5 )). I restricted each sample to
27 overlapping cell-parameters and subsampled randomly to 10000 cells. As some
samples overlap between some studies, training, validation and test splits were
performed accordingly, following a recent publication3: The training set consists
of the studies SDY112, SDY113, SDY305, SDY311, SDY315, SDY472, and SDY478 as
they contain overlapping samples. SDY515 was used as validation and SDY519 as
the test set. CMV antibody titer was cut at value 2, where all samples with less
than 2.0 are CMV-negative samples resulting in a binary classi�cation problem.

2.2. Tested hyperparameters of neural networks in
cytometry

In the following three subsections, I show which subsampling methods and network
architectures are investigated and how the networks are initialised. Additionally, I
explain the two separate experiments and how the neural networks were trained.

The subsampling methods and network architectures are hyperparameters, and
I will denote one unique combination of these hyperparameters as a variant. One
variant has an additional pseudo-hyperparameter: The initialisation of internal
weight. Therefore the pseudo-hyperparameter is the seed of the random number
generator de�ning the initial internal weights. I compare multiple variants, and
to ensure reproducibility I initialise them with the same seed. Those same-seed
variants are a run.

2.2.1. Subsampling methods

Due to the neural network architecture, each sample must be subsampled to a
de�ned number = of cells. Here I explain �xed and un�xed as well as random and
outlierness-based subsampling.
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2. Methods

2.2.1.1. Fixed and unfixed

Fixed subsampling draws a �xed number of cells once from each biological sample
and uses those (�xed) cells as all cells from one biological sample.

In contrast, all cells from one biological sample could be used. To still get the
de�ned number of cells =, un�xed subsampling draws = cells without replacement
from all cells every time the biological sample is used.

2.2.1.2. Draw randomly or based on outlierness

When subsampling your data, cells can either be drawn= randomly or by leveraging
the outlierness-concept from previously published work2.

The outlierness of a cell is proportional to the euclidean distance to other cells.
Cells can be drawn according to that outlierness: The higher it is, the more likely that
cell is chosen. An already published work on predictive modelling in cytometry2 al-
ready applies this outlierness-concept which was presented in another publication92.

To calculate the outlierness, calculate the distance of every cell to all others.
This becomes prohibitively computational expensive for large numbers of cells.
Therefore, a more feasible way of calculating the outlierness is to draw a small
number of reference cells randomly and calculate the distance of each cell to the
drawn reference cells92. Then the outlierness for cell 2 with ? markers is de�ned as

[min
2 ′∈C
(38BC (c, c′))]?>F (2.1)

where C is the set of randomly drawn reference cells from the current biological
sample.

To increase the probability of selecting distant cells, use only the top 10% cells
based on outlierness when sampling cells according to it2. In contrast, I introduce a
power (?>F ) to this outlierness which increases the outlierness of distant cells. In
e�ect, the probability of selecting distant cells increases, but without a hard cuto�
of 10%.

When sampling based on outlierness, I drew 50% randomly and 50% based on
outlierness, 1000 reference cells, and ?>F = 1.5.

2.2.2. Network architecture

The network architecture for classi�cation based on single-cell measurements
consists of 3 parts, as shown in Figure 2.1. In the FeatureLearner , dense layers
combine the ? cell-parameters of each of the = input cells into : arti�cial cell-
features. The FeatureLearner usually comprises multiple layers. Each layer consists
of multiple weightings of the ? markers where each weighting is applied to all cells,
each followed by batch normalisation158 and ReLU-nonlinearity155.

The number of input cell-parameters is �xed based on the input data (see sec-
tion 2.1) to 27 cell-parameters. I investigate 1,2,3 and 10 consecutive dense layers
where all layers have either 3 or 10 nodes.

The Pooler uses these new cell-features and aggregates all = cells into one ag-
gregated value per cell-feature. The aggregation function must be permutation
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2.2. Tested hyperparameters of neural networks in cytometry

invariant after the cells do not have any intrinsic order, so the mean or the max are
suitable options. I investigate the mean and maximum as aggregation functions.

The Predictor receives : aggregates which are combined with a multi layer
perceptron with a sigmoid function as the last layer to enable binary classi�cations.
Each Predictor layer is a dense layer followed by batch normalisation158 and ReLU-
nonlinearity155. In my implementation, the number of hidden layers inside the
multi layer perceptron is the number of de�ned Predictor-layers minus one. Thus,
if a single layer is de�ned there is no hidden layer and, in consequence, neither
batch normalisation158 nor ReLU-nonlinearity155, resulting in a weighted sum of
the : Pooler-aggregates followed by a sigmoid function. I investigate 1,2,3 and 10 of
these Predictor-layers where all hidden layers (if existing) have either 3 or 10 nodes.

2.2.3. Weight initialisation
After de�ning the architecture, every neural network needs some initial values
for its internal weights. Usually, they are drawn randomly or based on more
sophisticated initialisation routines191, but they also have random elements. I use
the defaults of pytorch157, which initialises dense layer weights by drawing from a
uniform distributionU(−:, :) with : = 1

5 40CDA4B8=
for all layers.

I ensure reproducible runs by setting a seed for the random number generator
every time before initialising the weights. This seed is the same for all variants
inside one run.

2.2.4. Two separate experiments
Experiment 1 considered di�erent subsampling variants: Fixed and un�xed, random
and outlierness-based, drawing 2500, 5000, or 9500 cells, and mean or max pooling.
The architecture was �xed to a grid-search based optimum as reported previously3:
A neural network with two dense layers of three nodes each to combine the cell-
parameters, mean as Pooler and a single dense layer with three nodes.

Experiment 2 focused on network architecture-dependent performance di�er-
ences: Cells were randomly subsampled and only mean pooling used. Fixed or
un�xed subsampling and drawing 2500, 5000, or 9500 cells were used. The architec-
ture was set to 1,2,3 or 10 layers with each 3 or 10 nodes in the FeatureLearner and
1,2,3 or 10 layers with each 3 or 10 nodes in the Predictor .

2.2.5. Training, validating and testing
Each model was trained with a learning rate of 0.0001 and batch size of 60. Learning
was stopped when the monitored validation loss (binary cross-entropy) did not
improve by 0.00001 in the last 200 epochs. Performance was measured using the
area under the receiver operating characteristic curve (AUC).
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3. Results

3.1. Overview over the two experiments

As described in the methods (see subsection 2.2.4), I had two separate experiments:
Experiment 1 only varied hyperparameters that do not change the architecture.
Therefore, all variants in experiment 1 had the same initial weights and therefore
the exact same starting conditions. In contrast, experiment 2 also changed architec-
tural hyperparameters, therefore starting conditions varied between variants, see
subsection 2.2.3.

In Figure 3.1, I showed that the AUC varies for a single variant more than 35%.
Each dot is one run of the same variant and the dots are the basis for the boxplots,
split for training, validation and test data performance.

In Figure 3.2 and Figure 3.5 I showed the same AUC-boxplots but for all tested
hyperparameter variants on the x-axis. Each variant is de�ned through a unique set
of hyperparameters, which are color coded - the legend can be found in Figure 3.3.
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Figure 3.1.: Boxplots of all runs for one exemplary variant
for training, validation and test set. In experiment 1, each
variant was run 20 times. In experiment 2, each variant
was run seven times, shown here. Each point is one run,
and the boxplots are generated based on these points.
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Figure 3.2.: Experiment 1: Boxplots of allruns for each vari-
ant. The y-axis of the upper three parts shows the AUC
for training, validation and test set. The bottom part is
a color-coded information about cell subsampling type
(�xed or un�xed), datatype (outlierness or random), pool-
ing (max or mean) and the number of points per sample
(2500, 5000, 9500)
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Figure 3.3.: Color codings for Figure 3.2, Figure 3.5 and Figure 3.6.

3.2. Mean pooling performs be�er than max
pooling

test

Max Mean
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Max

Mean

Figure 3.4.: AUC on the y-axis with a boxplot containing all
variants and runs, split by the Pooler type. Either the mean
or the maximum was used to pool all given cells per feature.

In experiment 1, I compared hyperpa-
rameters that do not change the archi-
tecture. The only hyperparameter with
strong impact on the AUC was the de-
cision between mean or maximum as
Pooler . Here the mean showed consis-
tently superior AUCs, as shown in Fig-
ure 3.4. The boxplots include all runs of
all tested variants.

All other tested hyperparameters are
shown in appendix section C: Fixed
and un�xed subsampling, random and
outlierness-based subsampling, draw-
ing 2500, 5000, or 9500 cells, and mean
or max pooling. However, the shown
boxplots in the appendix do not include
all runs of all tested variants. Instead, each boxplot includes only the best run for
each variant.
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Figure 3.5.: Boxplots of all runs for each variant in experiment 2. The y-axis of the upper three parts shows the AUC for training, validation and test set. The bottom part is a color-coded information about cell sampling type (�xed or un�xed), the
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Figure 3.6.: Boxplots of the AUC over 50 predictions in experiment 2 per variant. Each prediction predicted all biological samples but the cells were resampled before prediction. The y-axis of the upper three parts shows the AUC for training, validation
and test set. The bottom part is a color-coded information about cell sampling type (�xed or un�xed), the number of Predictor (mlp2) layers (1,2,3 or 10), the number of cells per biological sample (2500, 5000, 9500), the number of FeatureLearner
(mlp1) layers (1,2,3 or 10), the number of nodes in each layer of the FeatureLearner (mlp1) (3 or 10) and the number of nodes in each layer of the Predictor (mlp2) (1, 3 or 10). The cross denotes the AUC for the mean over all 50 predictions. For all
variants where drawing cells is �xed, all predictions are by de�nition identical. The legend for the colour-coded variant description at the bottom can is shown in Figure 3.3. For each variant, the best run is chosen based on the validation AUC of
the �rst of 50 predictions.

53



3. Results

3.3. Weight initialisation is crucial for the final
performance

After I had already found that mean pooling performed better than max-pooling,
I restricted the initialisation analysis to those variants with mean-pooling. In
experiment 1, all variants of one run had the exact same weight initialisation.
The network architecture was �xed for all variants as described in the methods
according to the best-reported architecture on this CMV dataset[3].

The initialisation impacted the AUC stronger than all variant choices in experi-
ment 1, shown in 3.7 A. Each run re�ects a set seed to initialise the starting weights
and therefore also the performance of the neural network. The �nal performance
ranged from models where nothing was learned (AUC ≈ 0.5) to excellent models
(best AUC = 0.9537), but the AUC inside one run di�ered from 3% up to 20%.

In experiment 2, shown in 3.7 B, the di�erentruns with their initialisations do
not show signi�cant di�erences.

Even if the initialisations had strong impact on the performance, validation and
test AUC correlate strongly (A = 0.91, see Figure 3.9 A).

When selecting the best performing run of each variant based on the validation
AUC, I can reconsider the previous mean vs max Pooler assessment. Comparing the
reconsidered Figure 3.9 B and the previous Figure 3.4 showed that the performance
di�erence between mean and maximum was even bigger when selecting the best
run for each variant.
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Figure 3.7.: (A) AUC on the y-axis, runs on the x-axis. Each boxplot contains all mean-pooling variants of one run (one
single initialisation of the network weights) from experiment 1. (B) AUC on the y-axis, runs on the x-axis. Each boxplot
contains all mean-pooling variants of one run from experiment 2, where each variant is initialised di�erently by design.
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3.4. Performance depends on network architecture
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Figure 3.8.: All variants from run 2 of experiment 1, where each line shows the learning path of one variant. (A) AUC on
the y-axis, training epochs on the x-axis. Higher values are better. (B) Loss on the y-axis, training epochs on the x-axis.
Lower values are better.
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3.4. Performance depends on network
architecture
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Figure 3.10.: AUC for variable number of (A) FeatureLearner and (B) Predictor layers compared over allruns and all other
hyperparameter variants on the test set.

In the second experiment, I focused on network architecture di�erences. Every
variant has a unique network architecture, resulting in di�erent weight initiali-
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3. Results

sations per variant. Here I only show the impactful hyperparameters. All tested
variants of the second experiment can be found in the appendix in Figure D 1.

In the following comparisons, I selected the best performing run based on the
AUC of the validation set for each variant.

Figure 3.10 A compares the AUC for 1,2,3 and 10 FeatureLearner layers where 2
layers are signi�cantly better.

Figure 3.10 B compares the AUC for 1,2,3 and 10 Predictor layers where one pre-
dictor layer corresponds to no batch normalisation nor ReLU nonlinearity. Instead,
one layer corresponds to a linear combination of all pooled cell-features followed
by a sigmoid function predicting the presence of CMV as described in the methods.
The plot shows that the AUC is best with this linear combination (one Predictor
layer) followed by a sigmoid and drops when more layers are used.

The number of nodes had no e�ect (see Figure D 1 (E) and (F)), neither for the
FeatureLearner nor for the Predictor . Note that the predictor node comparison
contains only settings with at least one Predictor layer which was already found
inferior in Figure 3.10 B.

3.5. Subsampling a�ects performance ranges
The overall performance of di�erent subsamplings, �xed or un�xed, random or
outlierness-based and di�erent numbers of drawn cells did not signi�cantly a�ect
the AUC. (See appendix Figure C 1 (A), (B) and (D) for experiment 1 and Figure D 1
(A) and (C) for experiment 2).

In Figure 3.6 I plot the best run according to the validation AUC of the �rst
prediction per variant. Each boxplot includes 50 AUCs as a result of predicting all
biological samples 50 times. The variants are sorted by their test AUC-range from
highest (bad) to lowest range (good). The AUC-range is calculated by subtracting
the lowest from the highest AUC of the 50 AUCs. The cross denotes the AUC when
each prediction is calculated as the mean over all 50 predictions. For all variants
where drawing cells is �xed, all predictions are, per de�nition, identical.

Figure 3.6 shows that training performance generally varied less than validation
and test performances. Test performance can vary up to 31% AUC.

The AUC ranges are shown in boxplots, strati�ed by the parameters. As previ-
ously, I selected the best run per variant according to the AUC of the validation set
when using the �rst of 50 predictions of each biological sample. See Figure E 1 for
all comparisons; I show the signi�cant di�erences in Figure 3.11.

More Predictor layers lead to higher AUC ranges (B). The number of Feature-
Learner layers also in�uences the AUC ranges but is most stable with two layers
(A). The more cells per biological sample are chosen, the smaller is the AUC range
(C).
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3.5. Subsampling a�ects performance ranges
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Figure 3.11.: AUC ranges when predicting biological samples multiple times in the un�xed setting of subsampling cells. The
boxplots include 50 AUCs as a result of predicting all biological samples 50 times. For each prediction of all biological
samples, I calculated the AUC, which then formed the boxplots in Figure 3.6. I calculated the AUC range [for each
boxplot] minimum to maximum. This range is shown on the y-axis, each boxplot contains all variants (except for the
strati�cations). One variant is only the best run per variant according to the AUC of the validation set when using the
�rst of 50 predictions of each biological sample.
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4. Discussion

Cytometry characterises cells of a biological sample by cell-properties like size,
complexity or surface markers. A measured cell-property is called a cell-parameter,
which de�nes each cell by numerical values suitable for further analysis. Up to
50 measured cell-parameters characterise each cell5, and the resulting data is a
matrix of unordered cells in the rows, and some cell-parameters as columns. A
biological sample contains millions of cells, and their characterisation can be used
to de�ne cohesive cell subpopulations which re�ect certain anatomic, morphologic
or functional types of cells42.

Flow and mass cytometry share the same concept of measuring cells: Di�erent
dyed antibodies are mixed with the cell suspension, bind to their respective cell
surface markers, and the dye can be measured. In �ow cytometry, there are �uores-
cent dyes, where mass cytometry uses metallic dyes. It is possible to characterise
millions of cells from a biological sample with up to 50 measurements per cell5.
These measurements can be written as a matrix of unordered cells in the rows, and
some cell-parameters per cell in the columns de�nes the biological sample.

In this thesis, I use cytometry data for predictive modelling, where a class is
assigned according to all cells of a biological sample together. This class enables
clinical patient decisions when the class is known to respond to a certain treatment.
Due to the unordered nature of cytometry measurements, only the presence or
quantity of cells de�ne the class of a biological sample but not which cell was
measured �rst. Due to the unordered nature, special predictive modelling methods
are necessary. Predictive modelling for cytometry data needs special algorithms to
factor in the unordered cells.

In the previous part of this thesis, I introduced the FPP concept for predictive
modelling with cytometry data. FPP is a modular structure for neural networks
containing three parts. First, the FeatureLearner transforms the measured matrix of
a biological sample into a new matrix with new, predictive cell-features. Second,
the Pooler aggregates these cell-features into a composition vector of values per
biological sample. Third, the Predictor uses this composition vector to predict the
�nal class. Therefore, the FPP concept is suitable for predictive modelling with
cytometry data.

Predictive modelling with the FPP concept needs multiple user-de�ned hyperpa-
rameters. 1) The architecture of each FPP part de�ning which layers should be used
and how nodes are connected. 2) A pseudo-hyperparameter, the initialisation of
the internal weights of the neural network through a seed for the random number
generator. 3) The subsampling used by the FPP network. Each unique combination
of hyperparameters, excluding the initialisation seed, is called a model variant.
Multiple variants which are trained with the same initialisation seed are called a
run.
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4. Discussion

In this part, I investigated the impact of hyperparameters on the classi�cation
performance. I used publicly available data from 472 biological samples with or
without CMV infection measured with mass cytometry. In the �rst of two exper-
iments, I used a previously previously published network architecture3, realized
it in the FPP concept and only varied hyperparameters which do not change the
initialised weights: Fixed or un�xed subsampling, outlierness-based or random
subsampling, 2500, 5000 or 9500 subsampled cells and mean or maximum pooling.
In the second experiment, I focused on the impact of architectural hyperparameters.
Cells were randomly subsampled and only mean pooling was used. Fixed or un�xed
subsampling and drawing 2500, 5000, or 9500 cells were used. The architecture was
set to 1,2,3 or 10 layers with each 3 or 10 nodes in the FeatureLearner and 1,2,3 or
10 layers with each 3 or 10 nodes in the Predictor .

In the �rst experiment, I varied only hyperparameters which do not change the
initialised weights. I observed that mean pooling works better than maximum
pooling. I tested multiple initialisation seeds and found that the initialisation
itself was crucial for the �nal performance after training. From excellent binary
classi�cation with an AUC of 0.9537 down to random predictions with an AUC
of 0.5. In Figure 3.8, I showed that in one run of the �rst experiment, the initial
binary-cross-entropy loss and consequently also the AUC are almost identical
across variants. The minimal di�erences came from the variants with un�xed
subsampling of cells.

One initialisation seed ensures equal conditions for all hyperparameter variants,
as long as the number and connection of nodes in the neural network do not change.
Within one run consisting of many variants initialised with the same seed, the clas-
si�cation performance then only depends on the hyperparameters. This only holds
as long as the initialised weights do not change when varying a hyperparameter.
Adding nodes or layers anywhere in the network changes the number of weights,
therefore classi�cation performance is not only dependent on the hyperparameters
but also on the initialisation. In contrast, di�erent subsamplings, and also mean or
maximum as special architectures do not change the initial weights.

As the initialisation was so in�uential, I suggest training each variant multiple
times and using the best performing variant based on the performance on the
biological samples of the validation dataset. I chose this procedure as the validation
AUC correlated highly with the test AUC. The initialisation e�ect might get smaller
when more biological samples are available, but the model performances using
multiple seeds for the same hyperparameter settings should still be counter-checked.

Cell subsampling is a central preprocessing step for many algorithms2,3,6,7,11,13,14.
It is not always necessary to have an equal number of cells for all biological sam-
ples, but subsampling is still done to reduce computational costs. Additionally,
subsampling cells to a de�ned amount enables direct comparison of absolute cell
numbers in a cell subpopulation across biological samples. In this work, I showed
the di�erence between outlierness-based2 and random subsampling, where neither
showed superior results. However, there are two further methods: SPADE19 used
density-based downsampling, and in classical machine learning, furthest point
sampling is proposed for point cloud classi�cation1. Apart from these two addi-
tional downsampling methods, it might be interesting to train an FPP-based neural
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network with a variable amount of cells without restricting it in the �rst place.
Subsampling can either be �xed or un�xed. Subsampling aims to get a de�ned

number of cells for all biological samples. Fixed subsampling draws cells of each
biological sample once before subsequent analysis. Un�xed subsampling draws cells
of each biological sample every time this sample is used. Each biological sample
is used multiple times during training the FPP neural network as all biological
samples in the training set are used in every epoch to estimate the internal weights.
After training consists of many epochs, each biological sample is used multiple
times.

In addition to �xed and un�xed subsampling, subsampling can be random or
based on outlierness. Random subsampling chooses random cells from all existing
cells of a biological sample. Outlierness-based subsampling �rst calculates the
outlierness of a cell which is proportional to the euclidean distance to other cells.
Consequently, cells with higher outlierness are drawn more likely. Additionally,
one part of cells can be subsampled randomly and the other part according to the
outlierness. An already published work on predictive modelling in cytometry2

already uses the concept of outlierness based on another publication92.
By subsampling cells of biological samples, cells from rare but relevant cell

subpopulations might get lost. Rare cell subpopulations are usually regarded as cell
subpopulations with frequencies less than 5% or 1%29,192–196 but even circulating
tumour cells (CTCs) with only one to ten CTCs among ten billion normal blood
cells are rare cell subpopulation leading to widespread metastasis197. Therefore,
random cell subsampling of a biological sample loses rare cell subpopulations when
the proportion of rare cells is less than the inverse of the number of sampled cells.
Losing relevant cell subpopulations can render predictive modelling impossible.

Subsampling bias can avoid the loss of rare cell subpopulations but also increases
signal noise. Outlierness-based subsampling increases the probability of selecting
cells distant to other cells, therefore if a rare cell subpopulations has some distance
to the major cell subpopulations it will be selected during subsampling. However,
the signal noise increases as distant cells are not necessarily a cell subpopulation.
Distant cells can be measurement errors in the cell-parameters and even if it
was an actual cell subpopulation, this population is not necessarily relevant for
your classi�cation problem. An already published work on predictive modelling
in cytometry2 already applies the concept of outlierness which was introduced
before92.

In the �rst experiment I found that �xed or un�xed, random or outlierness-based
subsampling of cells and drawing 2500, 5000 or 9500 cells had no signi�cant e�ect
on the AUC.

With un�xed subsampling, each prediction of a biological sample yields slightly
di�erent results. A subsample of = cells from a biological sample is never the same.
Consequently, the prediction for that biological sample varies. We found that the
AUC di�erences from worst to best AUC (the AUC range) when predicting all
biological samples 50 times can be up to 31%. However, most times the AUC ranges
were rather small about 5-10%.

The AUC range in the un�xed setting was dependent on the hyperparameters.
More Predictor layers led to higher AUC ranges. The number of FeatureLearner
layers also in�uenced the AUC ranges but was most stable with two layers. The
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more cells per biological sample were chosen, the smaller was the AUC range.
Training AUC generally varied less than validation and test AUC. If substantial
AUC di�erences occurred, it was most times when the model did not perform well
anyway compared to the other variants.

In the second experiment, I focused on the impact of architectural hyperpa-
rameters and found 2 FeatureLearner layers and no hidden layer for the Predictor
performing best. It was irrelevant if 3 or 10 nodes were used in either part. Note that
in contrast to the fact that neural networks are initialisation dependent and should
be retrained multiple times, this speci�c network structure should be adjusted to
your data.

In my current implementation of FPP, architectural hyperparameters are the
number of dense layers, how many nodes per layer and the activation function
after each layer for the FeatureLearner and Predictor . I used the mean or maximum
over all subsampled cells per cell-feature as Pooler .

In the second experiment, the initialisation e�ect is still present but invisible. In
contrast to the �rst experiment, the network architecture changes across variants.
Consequently, the e�ective initialisation is di�erent even if a manual seed was set
beforehand.

In this part, I showed the impact of initialisation, architectural and subsampling
hyperparameters. The initialisation had a surprisingly strong impact on the �-
nal performance, subsampling only a�ected the consistency of predictions, and
the number of architecture layers was important and mean pooling performed
consistently better than maximum pooling.

At the moment, hyperparameters must be searched manually. Here automated
hyperparameter estimation methods like Optuna198 or Nevergrad199 in combina-
tion with already implemented hydra160 parameter con�guration package will be
advantageous. A promising approach is a successive halving algorithm200,201 where
a set of hyperparameters is explored initially on a tiny part of the data to retain
sets with better performance than the others - those are then trained on a bigger
part of the data until arrival on the best hyperparameter setting.
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1. Introduction

1.1. How to describe decisions of a FPP network
Cytometry characterises cells of a biological sample by cell-properties like size,
complexity or surface markers. A measured cell-property is called a cell-parameter,
which de�nes each cell by numerical values suitable for further analysis. Up to
50 measured cell-parameters characterise each cell5, and the resulting data is a
matrix of unordered cells in the rows, and some cell-parameters as columns. A
biological sample contains millions of cells, and their characterisation can be used
to de�ne cohesive cell subpopulations which re�ect certain anatomic, morphologic
or functional types of cells42.

Predictive modelling in cytometry assigns a class label to a biological sample
according to all measured cells of that sample. This class enables clinical patient
decisions when the class is known to respond to a certain treatment. Due to the
unordered nature of cytometry measurements, only the presence or quantity of
cells de�ne the class of a biological sample but not which cell was measured �rst.

There are multiple approaches for predictive modelling in cytometry which can
be grouped into three concepts. First, partition and count cells based on the cell-
parameters followed by predictive modelling7,9–11. Second, apply unsupervised cell
subpopulation identi�cation followed by predictive modelling7,13–17,19,22–24,26–28,30–32,39.
Third, use all cells without previous summarisation of the cells2,3,6.

In the �rst part of this work, I introduced the FPP concept, a concept to organise
neural networks for predictive modelling in cytometry. Multiple cells of a biological
sample are used together to predict the class the biological sample. FPP consists of
three parts. First, the FeatureLearner transforms the measured matrix of a biological
sample into a new matrix with new, predictive cell-features. Second, the Pooler
aggregates these cell-features into a composition vector of values per biological
sample. Third, the Predictor uses this composition vector to predict the �nal class.

The prediction of a biological sample is useful, but explaining the prediction
yields additional value. In cytometry, the cell subpopulations responsible for the
prediction are interesting. Classical gating makes interpretation easy: Sequential
manual gating uses manually chosen single values, rectangles, circles or polygons
as cuto�s for the cell-parameters to group cells into cell subpopulations. After
�nding which cell subpopulations were predictive, the interpretation is known per
de�nition. The identi�ed cell subpopulations can give information about biological
processes important for the prediction.

Cell subpopulations derived from sequential manual gating are nodes of decision
trees. In Figure 1.1 (A) I show the gating of CD45RA positive, CCR7 positive naive
T-cells as introduced in subsubsection 1.4.2.1. This gating can be translated into
a decision tree structure by splitting each rectangle in two single cuto�s of the
respective cell-parameters. The two cuto�s describe four rectangles, where one
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1. Introduction

corresponds exactly to the original rectangle. The �nal chosen cell subpopula-
tion of the decision tree can be described through the leaves of the decision tree,
intermediate cell subpopulations by intermediate nodes of the tree.

A decision tree splits the data according to certain cuto�s in the feature. In the
case of cell subpopulation identi�cation, each cell traverses the decision tree where
the features are the cell-parameters. The cuto�s are obtained based on supervised
learning, where the value for some initial cells is known. The value for the cells
can be discrete cell subpopulations or also plain numerical values, which leads to
a regression problem for the decision tree. In the discrete case, a predicted cell
subpopulation is de�ned as the major cell subpopulation in the training data of the
predicted node of the cell. In the case of regression, the predicted value is de�ned
as the mean of all cells inside the predicted node.

After training, I replace each cell-feature from the FeatureLearner with a decision
tree. Sequential manual gating is well established, decision trees are a suitable
replacement, and decision trees are easily trained. In contrast, the neural network of
the FeatureLearner is not directly understandable. However, the FeatureLearner can
calculate the output for each cell: The results are : cell-features per cell. I propose
to replace each cell-feature with a decision tree. This is only an approximation of
the actual neural network but gives an idea about the behaviour for all cells. Based
on these decision tree replacements, I can identify gatings. These gatings arise by
traversing the decision trees towards nodes with extreme responses.

Possibly, only some of the cell-features are necessary for the �nal classi�cation
of a biological sample. Therefore, I will introduce SHAP values. These SHAP values
inform about the importance of a pooled cell-feature. The important cell-features
yield consequently the important decision trees.

In this part, I introduce SHAP values and how to derive them for neural networks.
I then show how to �nd and apply gatings given a FPP concept based neural network
in simulation for binary and multiclass classi�cation.

1.1.1. Shapley values

Shapley values202 are a method from coalitional game theory where the goal was
to determine the contribution of each player inside a coalition.

Shapley referred to a coalitional game203 (#, E), where # = {1, ..., =} is a set of
players and E : 2# → ℝ is a function to assign each coalition of players ( ⊆ # a
real number. E (∅) = 0. Shapley introduced marginal contributions q8 of a player
8 ∈ # to a coalition ( ⊆ # \ {8} de�ned as the di�erence to the complete coalition’s
worth after player 8 joins: E (( ∪ {8}) − E ((). After many coalitions are possible
(the power set of # ), Shapley concluded that the value of a player 8 is the weighted
average marginal contribution of 8 over all possible coalitions including 8 . The
weighting can be interpreted as the probability that a coalition of a certain size
forms. Mathematically, this can be expressed by the following formula:

∀8 ∈ # : q8 (E) =
∑

(⊆# \{8}

B!(= − B − 1)!
=! (E (( ∪ {8}) − E (()) (1.1)

where B = |( | and = = |# |.
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Figure 1.1.: (A) The exemplary gating starts with a pre-gated sample of CD45+ singlets (pre-gates not shown). In the leftmost
picture, only CD3+ cells re�ecting T-cells are chosen. Next, CD4+ and CD8- cells of the previously selected CD3+ cells
are chosen and �nally CD45RA+/CCR7+ (naive) cells inside the rectangle.
(B) A decision tree needs binary cuto�s. Rectangle-gatings can be directly replaced with decision trees using multiple
steps with the same cuto�s. Follow the arrows for the gating steps. Start by selecting only SS_INT− cell in the top left
plot. Then select CD3+ cells. As in (A), the same cell subpopulation of SS_INT− |CD3+ cells are selected. But now, it is
selected by two binary cuto�s instead of a single rectangle. Inside those SS_INT− |CD3+ cells, select CD4+ cells, then
CD8−. Now, the same cells as in the second step of (A) are selected. Finally, select CD45RA+ and CCR7+ cells. This
selected CD45RA+/CCR7+ (naive) T cells, as in (A).
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In Table 1.1 I show a tabular example of how the Shapley values can be calculated
for three players �, � and � . In subtable (b), we see each coalition’s worth E ((),
immutable to the order in which �, � and � entered the coalition. In subtable (a),
we see the added value of each player when introduced in all possible orders.

(a)

Order E (() − E (( \ {8})
First Second Third

�;�;� ( = {�} ; 8 = � ( = {�,�} ; 8 = � ( = {�,�, �} ; 8 = �
E ({�}) = 1 E ({�,�}) − E ({�}) = 3 − 1 E ({�,�, �}) − E ({�,�}) = 11 − 3

(b)

( E (()
{�} 1
{�} 2
{�} 1
{�, �} 5
{�,�} 3
{�,�} 5
{�, �,�} 11 (c)

Order Contribution
A B C

�;�;� 1 5-1=4 11-5=6
�;�;� 1 11-3=8 3-1=2
�;�;� 5-2=3 2 11-5=6
�;�;� 11-5=6 2 5-2=3
�;�;� 3-1=2 11-3=8 1
�;�;� 11-5=6 5-1=4 1

Table 1.1.: Shapley value example. (b) shows exemplary worth E (() for each possible set ( of the three players�, � and� . (a)
shows how to calculate the contribution parts taking the order of players into account. (c) shows the actual contributions
per player.

The Shapley values satisfy the properties E�ciency, Symmetry, Dummy and
Additivity. Together they can be considered a de�nition of fair payout204.

P1 E�iciency: The sum of all Shapley values of a player equals the complete
coalition: ∑

8∈#
q8 (E) = E (# ) (1.2)

P2 Symmetry: If two players contribute equally to all coalitions, their Shapley
values are identical:

∀( ⊆ # \ {8, 9}E (( ∪ (8)) = E (( ∪ ( 9)) ⇒ q8 (E) = q 9 (E) (1.3)

P3 Dummy: Also called null-player; A player’s without zero e�ect for all coali-
tions is zero:

∀( ⊆ # \ {8} : E (( ∪ {8}) = E (() ⇒ q8 (E) = 0 (1.4)

P4 Additivity: For any pair of games E andF , the Shapley values are additive:

∀8 ∈ # : ∀( ⊆ # : (E +F) (() = E (() +F (() ⇒ q8 (E +F) = q8 (E) + q8 (F) (1.5)

1.1.2. Shapley values in machine learning
In machine learning, the concept of players can be replaced by features and a
coalitions worth with the prediction for those features. A nice introduction205
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uses linear regression as starting point. Let 5 have the following form with ? ∈ ℕ
features and G ∈ ℝ?

5 (G) := V0 + V1G1 + · · · + V?G? (1.6)

The contribution of the 8-th feature to the prediction for an instance G is the model
prediction against the expected prediction when the feature value is unknown. If
the feature value is unknown, the best you can do is to replace it by its expected
value, thus:

q8 (5 (G)) = 5 (G) − 5 (G |G8 = � [-8]) (1.7)
=

(
V0 + V1G1 + · · · + V?G?

)
(1.8)

−
(
V0 + V1G1 + · · · + V8� [-8] + · · · + V?G?

)
= V8 (G8 − � [-8]) (1.9)

However, the independence of all other features is not true for other than additive
models. Therefore every subset of features (2? ) must be taken into account205:

5( (G) = � [5 |-8 = G8,∀8 ∈ (] (1.10)

where ( ⊆ # = {1, 2, . . . , ?} is a subset of the set of all features # . 5( de�nes the
predicted value of 5 when only the subset ( of the ? features are known. Note that
I use the same nomenclature as introduced in the previous section for the plain
Shapley values from game theory. So ( is always a subset of # . From this, the
contribution of each feature subset ( can be de�ned:

Δ( (G) = 5( (G) − 5∅ (G) (1.11)

where 5∅ (G) = � [5 ]. To bridge to the Shapley values, it is necessary to introduce
“interactions” to represent the subset contribution:

Δ( (G) =
∑
, ⊆(
I, (G) (1.12)

where each interaction �( (G) can be de�ned recursively and using Equation 1.11:

I( (G) = Δ( (G) −
∑
, ⊂(
I, (G) (1.13)

Mind ⊆ in Equation 1.12 but ⊂ in Equation 1.13. Then the contribution of feature 8
can be de�ned by the interaction, split across all participating feature values:

q8 (G) =
∑

, ⊆# \{8}

I,∪{8} (G)
|, ∪ {8}| (1.14)

This �nally leads to an explicit de�nition205,206

q8 (G) =
∑

(⊆# \{8}

|( |!( |# | − |( | − 1)!
|# |! (Δ(∪{8} (G) − Δ( (G)) (1.15)
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which is the Shapley value for feature 8 as described earlier for players in Equa-
tion 1.1.

All four properties described earlier stay the same, essentially replacing the
worth with the prediction and the players with features - except for the e�ciency:

P1′ E�iciency: The sum of all Shapley values of all features equals the di�erence
of the prediction and its expected value:∑

8∈?
q8 = Δ# (G) (1.16)

= 5# (G) − 5∅ (G) (1.17)
= 5 (G) − �- [5 (- )] (1.18)

P2 Symmetry: If two features have a symmetrical impact across all subsets, their
Shapley values are identical:

∀( ⊆ # \ {8, 9}Δ(∪{8} = Δ(∪{ 9} ⇒ q8 (G) = q 9 (G) (1.19)

P3 Dummy: A feature 8 without impact on the prediction will be assigned a 0
contribution:

∀( ⊆ # \ {8} : Δ(∪{8} = Δ( ⇒ q8 (G) = 0 (1.20)

P4 Additivity Contributions are additive across instances G,~

∀8 ∈ # : ∀( ⊆ # : Δ( (G + ~) = Δ( (G) + Δ( (~) (1.21)
⇒ q8 (G + ~) = q8 (G) + q8 (~) (1.22)

1.1.3. SHAP values
The Shapley values themselves are a theoretical, combinatorial construct, often
impossible to feasibly calculate. Therefore, di�erent calculation methods and
approximations have been proposed205,207–211. A recent publication proposed SHAP-
values (SHapley Additive exPlanation) as a uni�ed measure of feature importance.

Let 5 be the actual predictive model and 6 an explanation model. Your predictive
model might be a very complex neural network, but your explanation model is an
interpretable approximation. Local explanation models were proposed in LIME210,
and aim to interpret an individual model prediction based on local approximations
around this prediction.

So the aim is to explain 5 (G) for a single input G ∈ ℝ? of ? features, here
exemplary all real numbers. The explanation model 6 might use a “simpli�ed
input” G′ de�ned by a mapping function ℎG (G′) = G . Local methods approximate
6(I′) ≈ 5 (ℎG (I′)) when I′ ≈ G′. Then an additive feature attribution method is
de�ned by a explanation model linear in binary variables:

6(I′) = q0 +
"∑
8=1

q8I
′
8 (1.23)
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where I′ ∈ {0, 1}" where " is the number of simpli�ed input features and q8 ∈
ℝ. Think of this binary, simpli�ed input feature vector as the coalition vector
from Shapley values, " as the maximum coalition size and q8 ∈ ℝ as the feature
attribution of feature 8 . The binary coalition vector tells if the corresponding feature
value is present or absent in the current coalition (I used ( for this previously)204.

Additive feature attribution methods result in a single unique solution with three
properties:

S1 Local accuracy: The explanation model 6(G′) is the actual model 5 (G) when
ℎG (G′) = G

5 (G) = 6(G′) = q0 +
"∑
8=1

q8G
′
8 (1.24)

If all features are “enabled” or “present”, G′ = {1}? and ℎG (G′) = G . If all features
are “disabled” or “missing”, G′ = {0}? and consequently 6(G′) = q0. When q0 :=
�- [5 (G)] and G′ = {1}? this is the same as the e�ciency property P1′.

S2 Missingness: A missing feature in the simpli�ed input should have no impact

G′8 = 0⇒ q8 = 0 (1.25)

S3 Consistency: Let 5G (I′) = 5 (ℎG (I′)) and I′ \ 8 denote I′8 = 0. For two models
5 and 5 ′,

∀I′ ∈ {0, 1}" : 5 ′G (I′) − 5 ′G (I′ \ 8) ≥ 5G (I′) − 5G (I′ \ 8) ⇒ q8 (5 ′, G) ≥ q8 (5 , G) (1.26)

for the marginal contributions of feature 8 for model 5 : q8 (5 , G) and for model
5 ′ : q8 (5 ′, G) of the instance G .

They212 also show (in the supplement) that S3 implies Symmetry (P2), Dummy
(P3) and Additivity (P4) properties described previously. Finally, the unique ex-
planation model 6 following the de�nition of additive feature attribution methods
(Equation 1.23) and the properties S1, S2 and S3 are Shapley values:

q8 (5 , G) =
∑
I ′⊆G ′

|I′|! (" − |I′| − 1)!
"! (5G (I′) − 5G (I′ \ 8)) (1.27)

where |I′| is the number of non-zero entries in I′. (I′ ⊆ G′) represents all I′ vectors
whose non-zero entries are a subset of the non-zero entries in G′. As de�ned earlier;
G′ is the speci�c simpli�ed input vector such that ℎG (G′) = G . In the context of
coalition games, this vector G′ would be a vector consisting of only ones (all players
are part of the coalition) for each player index {1, . . . , # } of all possible players =.

1.1.4. Deep SHAP
There are multiple ways to calculate exact or estimate these SHAP values - but
I use only one, applicable to neural networks. Deep SHAP212 is based on the
connection between Shapley value and DeepLIFT213. DeepLIFT is a recursive
prediction explanation method for deep learning211,213 where the explanation comes
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from the di�erence in output from some reference input to the actual input feature
value:

=∑
8=1

�ΔG8Δ>
= Δ> (1.28)

where > = 5 (G) is the model output, Δ> = 5 (G) − 5 (A ), ΔG8 = G8 − A8 and A is the
reference input.

When q8 := �ΔG8Δ>
and q0 = 5 (A ), we see with Equation 1.23:

=∑
8=1

�ΔG8Δ>
= Δ> (1.29)

=∑
8=1

q8 = 5 (G) − 5 (A ) (1.30)

=∑
8=1

q8 = 5 (G) − q0 (1.31)

5 (G) = q0 +
=∑
8=1

q8 (1.32)

(1.33)

that this is again an additive feature attribution method. In another publication214,
the authors show that in a pure linear neural network (only one hidden layer
without activation functions), the SHAP values for every input neuron can be
calculated exactly. For a linear neural network with two inputs G1 and G2 which
are densely connected to two neurons which are again densely connected to one
output neuron (see Figure 1.2), the activations can be calculated as follows:

ℎ
9

1 = F
(1)
1 9 G1 +F

(1)
2 9 G1 (1.34)

~ = F
(2)
1 ℎ11 +F

(2)
2 ℎ21 (1.35)

The exact SHAP values for an input G8 can be calculated by summing the attributions
along all possible paths between that input neuron G8 and the model output ~. For
simplicity, the authors rede�ned q (·) as the attribution value. q (G8) is then the
product of weights along the path with the di�erence between the feature value 5G1
to a background value 1G1 :

q (G8) = F (2)2 F
(1)
12 (5G1 − 1G1) (1.36)

As in the chain rule, the attribution for G1 can also be written using the intermediate
node attributions:

q (ℎ21) = F
(2)
2 (5ℎ21 − 1ℎ21) (1.37)

q (G1) =
q (ℎ21
5ℎ21
− 1ℎ21

F
(1)
12 (5G1 − 1G1) (1.38)

When a non-linear activation function 6() is added as additional layer, shown in
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1.1. How to describe decisions of a FPP network

Figure 1.3, the attribution value for q (6) becomes 6(5ℎ) − 6(1ℎ) as SHAP values
maintain local accuracy and 6 is a function with a single input. The network
activations can be de�ned as

ℎ =

:∑
8=1

F8G8 (1.39)

~ = 6(ℎ) (1.40)

thus the feature attributions become

q (G8) =
q (ℎ)
5ℎ − 1ℎ

F8 (5G8 − 1G8 ) (1.41)

As SHAP values maintain only local accuracy, this is only an approximation but
makes 1) backpropagation feasible and 2) at least locally accurate.

These simple network components and their SHAP values are already su�cient
to recursively build deep networks and have a (fast) approximation for the complete
network when dense layers and non-linear activation functions are combined. For
more complex network types, this can also be generalised as long as the SHAP
values can be either computed or approximated for the individual component.

Regarding the background value 1G8 , they214 show that SHAP values should be
obtained for each baseline in the background distribution and average over all
resulting attributions. In the documentation of the python package shap
(https://shap-lrjball.readthedocs.io/en/latest/generated/shap.DeepExplainer.html) the authors propose 100
background samples for a good estimate and 1000 samples for a very good estimate
of the background values. The samples are chosen randomly from the training
dataset due to calculation time. In principle, the complete training set would be
usable.

G1

G2

ℎ11

ℎ21

~

Figure 1.2.: SHAP: Linear network with two inputs G1 and G2 and no activation function.

G1

G2

...

G:

∑
6 y

Figure 1.3.: SHAP: Linear network with two inputs G1 and G2 and an activation function 6 () .
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2. Methods
I introduce a simulated binary and multiclass classi�cation problem. The resulting
datasets were used to show the behaviour of my explanation approach for FPP
concept based neural networks. A complete analysis of this simulation is shown in
Part IV.

2.1. Binary classification simulation
In this simulation, each simulated biological sample contains 105 cells with two
cell-parameters each. The cells are drawn from the following three multivariate
normal distributions with base odds (1, 1, 3) for (N1,N2,N3).

N1(
(
4
0

)
, f2) N2(

(
4
4

)
, f2) N3(

(
0
0

)
, f2)

f2 :=
(
1 0
0 1

) (2.1)

The simulation consists of varying the odds of a cell being in N1 such that the
percentage of cells is either 0% (?0) or 50% (?0.5). For each percentage-class I create
100 biological samples of 105 cells.

2.2. Multiclass classification simulation
As in the simulation for binary classi�cation, each generated biological sample
contains 105 cells with two cell-parameters each. The cells are drawn from the same
three multivariate normal distributions (see Equation 2.1) but now the percentage
of the 105 cells inside drawn from N1 varies over the following values:

{0, 10−6, 10−5, 10−4, 10−3, 10−2, 0.2, 0.5} (2.2)
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3. Results

3.1. Simulation

3.1.1. Binary classification
The binary classi�cation explained in section 2.1 simulated biological samples with
105 cells drawn from three multivariate normal distributions with base odds (1, 1, 3)
for (N1,N2,N3). Two classes of biological samples were simulated such that the
percentage of cells drawn from N1 is either 0% (?0) or 50% (?0.5).

All simulated cells of one exemplary simulated biological sample per class are
shown in Figure 3.1. The two cell-parameters are called 50 and 51.
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Figure 3.1.: Binary classi�cation simulation data, one exemplary simulated biological sample from class ?0 (left) and one
exemplary biological sample from class ?0.5 (right). All 105 cells are shown.

3.1.2. Multiclass classification
The multiclass classi�cation explained in section 2.2 simulated biological samples
with 105 cells drawn from three multivariate normal distributions. The multiple
classes of biological samples with base odds (1, 1, 3) for (N1,N2,N3). Eight classes
of biological samples were generated where the percentage of cells drawn from N1
was varied.

All simulated cells of one exemplary simulated biological sample per class are
shown in Figure 3.2.
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Figure 3.2.: Multiclass classi�cation simulation data, one exemplary biological sample from each class where all 105 cells
are shown. Going from top-left to bottom-right to higher percentages of N1.

3.2. Gate finding
After training an FPP model successfully, the cell subpopulation responsible for
good performance should be identi�ed. I implemented the following approach for
binary and multiclass classi�cation.
At a high level, gate �nding includes four steps, see also item 3.2:

1. Identify the relevant subset ' ⊆ {1, . . . , :} of : pooled cell-features of the
Pooler

2. Explore which values (higher or lower) of the respective cell-features of '
infer higher probabilities for each class

3. Replace the FeatureLearner with a decision tree for all relevant cell-features
(')

4. De�ne the gating by traversing the decision trees towards higher or lower
cell-feature-values identi�ed by 2)
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Figure 3.3.: Gate �nding concept. Use a completely trained model. First, the rel-
evant cell-features are identi�ed. Second, for each of the relevant cell-features,
identify if higher values of the cell-feature infer higher or lower probability for
each class (more than two classes are possible). Third, the FeatureLearner is
approximated using a decision tree to get cuto�s for each cell-feature. Fourth,
traverse the decision trees towards higher or lower mean values according to
the gating direction from step 2.
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3. Results

3.2.1. Relevant subset identification

To identify the relevant subset := ' of pooled cell-features from the FeatureLearner ,
I propose the usage of SHAP values202,212.

The basis for calculating the SHAP values are the pooled cell-features. In Fig-
ure 3.4 I show an example of the pooled cell-features (columns) for each biological
sample (rows) from the binary classi�cation simulation. The �rst two columns
are the true and predicted class of the simulated biological samples. After those
columns, the actual pooled cell-feature values are shown, and I start counting
columns there. The following three columns refer to the cell-features :0, :1 and :2
pooled with the maximum.

Figure 3.4 shows little di�erence in the maximum pooled values between biolog-
ical samples of red and blue class. In contrast, the same cell-features pooled with
the mean in the next three columns correlate perfectly with class a�liation. For
cell-features :0 and :2, high values speak for class ?0, for cell-feature :1 high values
speak for class ?0.5.

I use Deep SHAP212 which combines DeepLIFT205,211 with Shapley values202. To
calculate the SHAP values the distribution of reference biological samples needs to
be estimated. I use the pooled cell-features values of all training samples.

The Deep SHAP212 implementation I use returns a tensor of SHAP values with
the same shape as the input for each output node of the neural network. So for
an input matrix % ∈ ℝ@?>>;8=6B×:24;; 5 40CDA4B also the SHAP values are of shape (��% ∈
ℝ@?>>;8=6B×:5 40CDA4B . If there are 2 ∈ ℕ>1 output nodes (in multiclass classi�cation)), the
same input matrix results in a list of SHAP values

{
(��% (8) |8 ∈ {1, . . . , 2}

}
where

(��% (8) re�ects the SHAP values of the 8-th class.
After the SHAP values are calculated, they can be visualised in a beeswarm plot,

see Figure 3.5. Cross check with the pooled values in Figure 3.4: The maxima of all
three cell-features (max:k_0, max:k_1 and max:k_2) have the lowest SHAP values.
mean:k_1 has the highest SHAP values, so the Predictor mainly uses that feature
to predict the classes of a biological sample. A point with positive SHAP values
denotes that the biological sample’ value of this pooled cell-feature increases the
probability of that biological sample being in the class ?0.5.

The most relevant subset of cell-features can be identi�ed by choosing cell-
features with high SHAP values across biological samples and classes. Mathemati-
cally speaking, I sum the absolute SHAP values over all 2 classes and subsequently
calculate the mean over all # biological samples. Finally, I aggregate them over all
poolings per cell-feature 9 :

B2>A4 9 =

@∑
;=1

1
#

#∑
<=1

2∑
8=1
|(��% (8,<)

; 9
| (3.1)

I include the highest-scoring cell-features until their score sum
∑
9∈' B2>A4 9 is at

least 90% of the total score sum
∑:
9 B2>A4 9 .

In Figure 3.6 I show summary plots for the multiclass classi�cation simulation
where sub�gure (A) shows the absolute (sample-)mean SHAP values for each
pooling : cellfeature combination. Sub�gure (B) shows the accumulated values per
cell-feature over all poolings as described in Equation 3.1. Based on (B), cell-feature

80



3.2. Gate �nding

true
p_0
p_0.5

pred
p_0
p_0.5

pooling
max
mean

feature
k_0 k_1 k_2

tru
e

pr
ed

pooling
feature

0.0

0.2

0.4

0.6

0.8

1.0

m
in

m
ax

-s
ta

nd
ar

di
ze

d
pe

r c
ol

um
n

Figure 3.4.: Pooled cell-features for binary classi�cation after training. The �rst two rows give information about the pooled
cell-feature and the applied pooling. In each further row, the respective pooled values for one biological sample are shown.
The �rst two columns show the true and predicted label of each biological sample, all further columns the pooling of each
respective cell-feature. Each column is minmax-standardised. In the �rst three columns, the maxima of :0, :1 and :2,
have only little predictive value. The second three columns, the means of :0, :1 and :2, have perfect predictive value as
<40= (:0) and<40= (:2) are always higher in the ?0-class and<40= (:1) is always higher in the ?0.5-class.
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Figure 3.5.: Each row re�ects one input to the Predictor , so
each possible pooling : cellfeature combination. Inside
each cell-feature, each point is one biological sample. The
colour of each point denotes its pooled cell-feature value.
The position on the x-axis, the SHAP-value, describes the
impact on the prediction; I show the score before applying
the sigmoid function. A point with positive SHAP values
denotes that the biological sample’ value of this pooled cell-
feature increases the probability of that biological sample
being in the class ?0.5.

Table 3.1.: SHAP-based gating directions for simulation A.

Feature Pooling Class Direction
:0 mean ?0.5 lower -1
:1 mean ?0.5 higher 1
:2 mean ?0.5 lower -1
:0 max ?0.5 higher 1
:1 max ?0.5 lower -1
:2 max ?0.5 lower -1

:1 would be included �rst, then cell-feature :0, which is when the 90% cuto� would
be reached and no more cell-features included in '.

3.2.2. Gating directions
Which cell-feature-values increase the probability of each class? For this, I introduce
the nomenclature shown in Table 3.2. Each cell-feature plus pooling combination
is the input for the Predictor . If informative, high values of a cell-feature can speak
for (pro) or against (contra) each possible class. The combination of pro/contra
and the lower/higher direction results in the gating direction of one speci�c input
feature of the Predictor , the pooled cell-features. In the following, I show how to
identify the gating directions.

Cell-feature Pooling Class pro/contra Direction
:0 mean A pro higher
:0 mean A pro lower
:0 mean A contra higher
:0 mean A contra lower

pro/contra Direction Explanation
pro higher Higher values of<40=(:0) increase the probability for class A
pro lower Lower values of<40=(:0) increase the probability for class A
contra higher Higher values of<40=(:0) decrease the probability for class A
contra lower Lower values of<40=(:0) decrease the probability for class A

Table 3.2.: Gating direction nomenclature, exemplary for feature :0, mean-pooling of that cell-feature and for class A. Split
into two rows to properly �t the page.

To �nd the gating directions in binary classi�cation, it is necessary to know if
pooled cell-feature values at positive SHAP values are high or low. If they are high,
high pooled cell-feature values speak for the positive class (in the simulated binary
classi�cation ?0.5). If they are low, low pooled cell-feature values speak for the
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Figure 3.6.: (A) Mean SHAP values over all simulated biological samples for each SHAP and pooling : cellfeature combi-
nation. The mean of cell-feature :1 has the strongest absolute e�ect summed across all classes, and neither <0G (:0)
nor<0G (:2) have an e�ect on the prediction. (B) SHAP values from sub�gure A, but all poolings are accumulated per
Cell-feature (022.:8 ). Cell-feature :1 mainly drives the prediction for all classes, cell-features :0 and :2 have a comparably
weak in�uence.
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positive class ?0.5. Each time, the opposite (low/high) speaks for the negative class
?0. To computationally identify these directions, SHAP split splits the cell-features
according to positive and negative SHAP values and �nds which cell-feature means
are higher. Alternatively, calculate the correlation of SHAP and cell-feature values.

In multiclass classi�cation, SHAP split or correlation are not su�cient. Exem-
plary, let a cell-feature’s high values speak for class A, so high cell-feature values
correspond to positive SHAP values. Let the low cell-feature values correspond to
very high, but negative SHAP values, higher than the highest positive SHAP value.
From SHAP split or correlation, this cell-feature is pro class A, and the direction is
“higher”. But after the negative SHAP values actually dominate, the appropriate
gating direction would be: The cell-feature speaks contra A and the direction
is still “higher”. Consequently, I identify the maximum absolute SHAP value. If
this value is positive, the cell-feature speaks pro class. If the value is negative, the
cell-feature speaks contra class. The direction still remains the correlation.

I visualise the SHAP value to cell-feature correspondence in beeswarm plots.
For binary classi�cation I showed Figure 3.5 where I showed how the pooled cell-
features in�uence the predictions, here classes ?0 or ?0.5. Inside this beeswarm plot,
each point is one simulated biological sample. The colour of each point denotes the
pooled cell-feature value. The position on the x-axis (the SHAP value) describes the
impact on the prediction; I show the score before applying the sigmoid function
of the output layer. A point with positive SHAP values increases that point’s
probability of being in class ?0.5. A point with negative SHAP values increases that
point’s probability of being in class ?0. The �nal prediction of a point is the sum
over all SHAP values plus the expected value of the prediction across all biological
samples as described in subsection 1.1.2.

In multiclass classi�cation, one beeswarm plot as Figure 3.5 exists for each
class Then positive SHAP values denote higher probability and lower values lower
probability of the current plot’s class. In the binary case shown in Figure 3.5, one
plot for each class would be possible, but they would only be mirrored. Therefore,
the two plots (one for ?0 and one for ?0.5) can be simpli�ed into one.

Correlation

38A42C8>= =

{
pro class, positive if A > 0
pro class, negative if A <= 0

(3.2)

SHAP split

38A42C8>= =

{
pro class, positive if 0 > 1

pro class, negative if 0 ≤ 1
(3.3)

Absolute SHAP

38A42C8>= =


pro class, positive if B > 0 ∧ A > 0
pro class, negative if B > 0 ∧ A <= 0
contra class, positive if B < 0 ∧ A > 0
contra class, negative if B < 0 ∧ A <= 0

(3.4)
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where

A := 2>AApearson(5 40CDA4E0;D4B, Bℎ0?E0;D4B) (3.5)
B := B86= (argmax( |Bℎ0?E0;D4B |)) (3.6)

0 =<40=(5 40CDA4E0;D4B |Bℎ0?E0;D4B > 0) (3.7)
1 =<40=(5 40CDA4E0;D4B |Bℎ0?E0;D4B ≤ 0) (3.8)

3.2.3. Replace FeatureLearner with an decision tree
After identifying the relevant set ' of cell-features, the FeatureLearner of those
cell-features is replaced with decision trees, see item 3.2. The FeatureLearner
transformed the input - (8) ∈ ℝ=×? into the matrix �(8) ∈ ℝ=×: for each biological
sample 8 ∈ {1, . . . , # }. I aggregate all cells from all biological samples and their
respective FeatureLearner results:

- ∈ ℝ(# ·=)×? (3.9)
� ∈ ℝ(# ·=)×: (3.10)

For each cell-feature 9 ∈ ' (�· 9 ) based on # · = cells a decision tree can be built.
This is a supervised regression model where a value for each cell (the cell-feature)
based on all cell-parameters get predicted.

Especially for multiclass classi�cation, I added the possibility to build a decision
tree per class In that case, one decision tree is built for every cell-feature and class.
For each decision tree, only cells from biological samples of its corresponding class
are used to train the decision tree.

I show two visualisations of the resulting decision tree in Figure 3.7: Sub�gure
A shows a usual decision tree visualisation. The nodes are coloured according to
the mean cell-feature value (�) of all cells inside that node. Sub�gure B shows the
same decision tree, but shows if cells with certain cell-parameters have higher or
lower cell-feature values.

3.2.4. Find the gating by traversing the decision trees
Gatings in �ow cytometry are usually denoted as chains of cell-parameter8 positive
or negative cell subpopulations. Here I introduce a similar scheme based on the
found decision trees. The decision tree gatings always start from the root of a
decision tree and descend until a leaf is reached. How to descend the decision tree
is de�ned by the gating direction explained in subsection 3.2.2.

For each relevant cell-feature, there is a decision tree and the information if high
or low values of that cell-feature speaks for or against a speci�c class. To �nd the
�nal gating, there are two options:

Traverse top-down: Start at the root node of the decision tree and descend to
nodes with higher(/lower) cell-feature values according to the “direction” from the
previously identi�ed gating directions.

Traverse bottom-up: Start at the leaf node with the highest(/lowest) cell-feature
value according to the “direction” from the previously identi�ed gating direction
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Figure 3.7.: Cell-feature decision trees for binary classi�cation problem.
(A) shows the decision tree for one cell-feature, built as explained in section 3.2. The colour of each node depends on the

mean cell-feature value of all cells inside that node.

(B) shows the same decision tree as in (A), but the actual cell-feature values (matrix �) are shown in 1D or 2D histograms.
The root node always shows a histogram of the �rst decision cell-parameter. The vertical line denotes the cell-parameter’s

cut-value. Values above the cut (where the decision was false) are in the red-shaded area, values below the cut are in the
green-shaded area. All cells in the red shaded area are given to the right node in the next depth. All cells in the green
shaded area are given to the left node in the next depth.

Subsequent depths always plot cells in the red and green areas of the parent plot. If the node’s cell-parameter is identical to
the parent’s cut cell-parameter, again a histogram is plotted where the vertical line denotes the cell-parameter’s cut value,
and red/green areas denote cells that are given to the right/left subsequent node. If the node’s cell-parameter is di�erent
to the parent’s cut cell-parameter, a 2d-histogram is plotted. This 2d-histogram is realised as hexbin plot, which places a
hexagonal grid over the cell-parameter space consisting of the parent and current tree cell-parameter. Each grid-element
is coloured according to the mean cell-feature (matrix �) of all cells inside that element. See Figure 3.8 for a conceptual
explanation. Cell-feature (:1) mainly focuses on the bottom right of the three cell subpopulations, see the right plot in
the second depth.

The �nal leaf nodes are again histograms but only show the plain number of cells inside each leaf with the respective
cell-parameter-value on the x-axis.

(C) shows the top-down gating paths towards lower values (green) and towards higher values (blue). Here resulting gatings
are 5 −0 [2.37] |5 −0 [2.14] |5 −0 [2.03] (green) and 5 −0 [2.37] |5 −1 [1.73] |5 −1 [0.58] (blue).
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Figure 3.8.: 2d-histogram as classical (B) and cell-feature based (D) visualisation. Each plot shows cell-parameter 1 on the
x-axis, cell-parameter 2 on the y-axis and includes the same cells as dots. (A) shows the cell-parameter position of the
points. (B) shows the classical way of plotting cells: Place a grid over your space, here a rectangular grid with four grid-
elements split at the half of each cell-parameter-axis. The number of cells inside each rectangle de�nes the colour of that
rectangle. (C) some hypothetical function assigns a value to each cell - this is the task of the FeatureLearner in the FPP
concept, resulting in the cell-feature values. (D) uses the same grid as (B), but instead of colouring the number of points,
the colour of each rectangle is according to the total sum of cell-feature values inside.
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and ascend to the root node.
After the path was found top-down or bottom-up, the decision tree gatings always
start from the root and go downwards. In Figure 3.7 (C) I show two exemplary
paths towards higher (blue) or lower (green) values. The resulting gatings are:

green 5 −0 |5 −0 |5 −0
blue 5 −0 |5 −1 |5 −1

The gatings can also be described additionally with their actual cut-values [in
rectangles] after the cell-feature+ or − description.

green 5 −0 [2.37] |5 −0 [2.14] |5 −0 [2.03]

blue 5 −0 [2.37] |5 −1 [1.73] |5 −1 [0.58]

3.3. Apply final gatings
In the previous section I showed how to �nd decision tree based gatings denoted
as chains of cell-parameter8 positive or negative cell subpopulations.

These gatings can be used directly without previous application of the FPP
concept based neural network. Each gating consists of a cell subpopulation and
the cell-parameter cuto�s to properly de�ne it. With these cuto�s, each cell’s cell
subpopulation can be found. Subsequently, count the cells of each biological sample
in each cell subpopulation. In CCC I called this “inference”, also shown in Figure 2.4.

In Figure 3.9 I counted the cells in the �nal gating node for the decision tree of
cell-feature :1. The decision tree was built using only class ?0.5 samples shown in
item 3.2. The gating direction was higher cell-feature values in class ?0.5. Since this
example is a binary classi�cation problem, lower cell-feature values speak for ?0.
With this, two top-down gatings for :1 can be identi�ed: 5 −0 |5 −0 |5 −0 and 5 +0 |5 −1 |5 −0 .
The numbers in brackets are the actual cut value from the decision tree.
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Figure 3.9.: Binary node gatings corresponding to item 3.2. (A) shows the identi�ed gating when going towards lower

activation values, so “pro ?0”. (B) shows the identi�ed gating when going towards higher activation values, so “pro ?0.5”
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4. Discussion

Cytometry characterises cells of a biological sample by cell-properties like size,
complexity or surface markers. A measured cell-property is called a cell-parameter,
which de�nes each cell by numerical values suitable for further analysis. Up to
50 measured cell-parameters characterise each cell5, and the resulting data is a
matrix of unordered cells in the rows, and some cell-parameters as columns. A
biological sample contains millions of cells, and their characterisation can be used
to de�ne cohesive cell subpopulations which re�ect certain anatomic, morphologic
or functional types of cells42.

In this thesis, I use cytometry data for predictive modelling, where a class is
assigned according to all cells of a biological sample together. This class enables
clinical patient decisions when the class is known to respond to a certain treatment.
Due to the unordered nature of cytometry measurements, only the presence or
quantity of cells de�ne the class of a biological sample but not which cell was
measured �rst.

In the previous part of this thesis, I introduced the FPP concept for predictive
modelling with cytometry data. FPP is a modular structure for neural networks
containing three parts. First, the FeatureLearner transforms the measured matrix of
a biological sample into a new matrix with new, predictive cell-features. Second,
the Pooler aggregates these cell-features into a composition vector of values per
biological sample. Third, the Predictor uses this composition vector to predict the
�nal class.

In this part I propose a decision tree replacement for the FeatureLearner to explain
the class predictions for biological samples. Why would it be useful to replace the
FeatureLearner? Traverse the FPP neural network backwards:

1. For excellent performance on new biological samples, the complete FPP
neural network must perform well.

2. For the complete FPP neural network to perform well, also the Predictor must
perform well.

3. For the Predictor to perform well, there must be at least one predictive pooled
cell-features from the Pooler .

4. A predictive pooled cell-feature must have di�erent values for biological
samples of di�erent classes.

5. For a pooled cell-feature having di�erent values per class, there must be
predictive cells which 1) have a di�erent cell-feature value than other cells
and 2) have di�erent abundances between classes.

6. The cell-features are the result of the FeatureLearner which used only the
cell-parameters.

7. If the FeatureLearner can be described comprehensibly based on the cell-
parameters, the predictive cells are described.
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In cytometry, predictive cell subpopulations which enable the classi�cation of
biological samples are interesting. Classical gating uses sequentially chosen single
values, rectangles, circles or polygons as cuto�s for the cell-parameters to group
cells into cell subpopulations. When an algorithm �nds which cell subpopulation
is predictive, we already know per de�nition which cell subpopulations were
responsible. The identi�ed cell subpopulations can give information about biological
processes.

To explain the prediction of a FPP neural network, I propose a gating based
on a decision tree replacement for the FeatureLearner . Classical gatings in �ow
cytometry are usually denoted as chains of cell-parameter� positive or negative cell
subpopulations. I showed that cell subpopulations de�ned by these gatings could
be replaced by leaf nodes of decision trees. By descending the cell-parameter-based
decision tree the decision cuts should be chained: Which cell-feature was cut at
which value and if higher or lower values were chosen. The FeatureLearner is
a neural network using the cell-parameters to calculate new cell-features. This
neural network can be approximated by one decision tree per new cell-feature. The
FeatureLearner identi�ed predictive cells, and this decision tree is then the basis to
describe their cell subpopulations.

Not all cell-features are necessarily predictive, therefore I identify relevant cell-
features using SHAP importance values. The number of cell-features is a user-
de�ned hyperparameter and the Predictor does not need to use them all. I use
Deep SHAP212 to calculate the SHAP values for the pooled cell-features which are
the input for the Predictor . Figure 3.4 suggests that high values of mean:k_1 (red)
indicate the ?0.5-class. High values of mean:k_0 and mean:k_2 indicate the ?0-class.
This is in concordance to the visual inspection of the pooled cell-feature values
from Figure 3.4 described in subsection 3.2.1.

The decision tree for one single Either one decision tree for one single cell-feature
is built on cells from all biological samples, or one decision tree is built per class of
biological samples. The FeatureLearner is applied on the cells to get their cell-feature
values and the corresponding cell-parameters. Then, training the decision tree(s) is
a classical regression problem where the response (the cell-feature value) of each
cell is predicted by its cell-parameters.

For training the decision tree, all cells of your biological samples can be used.
Each biological sample in �ow cytometry has a variable number of cells which are
usually downsampled during preprocessing. However, all available cells (of the
training samples) can be used to increase the data basis for decision tree training!

To �nd the predictive decision tree leaf node, the gating directions is necessary.
The decision tree groups cells based on their cell-feature value. To identify the
predictive decision tree leaf node, I introduced gating directions based on SHAP
values: They tell if high or low cell-feature values correspond to higher or lower
probabilities for each class.

There are two options to �nd the decision tree gating: Top-down and bottom-up.
Exemplary, let high cell-feature� values correspond to higher probability of class1.
For top-down gating, start at the root node and descend towards nodes with higher
mean cell-feature� values across cells in the node until reaching a leaf node. For
bottom-up gating, start at the leaf node with the highest mean cell-feature� value
across cells in the node and ascend the decision tree until reaching the root node.
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A previous publication on neural networks for cytometry data3 proposed an
alternative explanatory way, also based on decision trees: After a neural network
was successfully trained, they predict one biological sample multiple times. Now
they up-sample each cell of that biological sample by replacing random other cells
with that speci�c cell. The performance di�erence between original biological
sample prediction and the up-sampled prediction quanti�es the impact of that
speci�c cell. After applying this for many cells, they build a decision tree to predict
these performance di�erences per cell based on the cell-parameters. They identify
predictive cell subpopulation by �nding the decision tree node with the highest
mean performance di�erence across cells in that node. The �nal gating is then
descending the decision tree in a top-down manner.

Gatings by decision trees do rarely follow classical gating schemes. The here
presented approach uses SHAP importance values followed by building a decision
tree. However, the built decision trees and subsequent gatings do not follow classical
gating schemes. The mentioned alternative way to build decision trees3 �nds the
relevance for each cell and builds one single decision tree for the whole network.
This approach seems to have similar problems: The resulting gatings do not directly
follow established gating schemes. Here, more work is necessary to �nd a way of
presenting the decisions of the �nal neural network.

During testing the decision tree based gating, I found top-down being more
consistent than bottom-up, especially when building deep trees. The problem with
bottom-up gating is that a leaf node might contain only a tiny amount of cells (e.g.
1), then the mean cell-feature value can be extreme. Then actually relevant cell
subpopulations which have a lower mean just by chance are overlooked.

In summary, I introduced a way to explain the predictions of FPP concept based
neural networks. For this, I explained SHAP values and how to derive them for
neural networks. With these SHAP values, the prediction-relevant cell-features and
their gating direction can be identi�ed. I showed how to replace the FeatureLearner
for the relevant cell-features with decision tree(s). The �nal gatings de�ning
discriminative cell subpopulationss are then the result of traversing these decision
trees according to the gating direction. Finally, I showed how to apply these gatings
on new biological samples. This enables the prediction of new biological samples
without applying the neural network by just counting the number of cells in the
identi�ed discriminative cell subpopulationss.

There are some promising options to extend explainability:
1) RchyOptimyx23 might be a potential lead as they propose a method to �nd the
simplest possible gating form of previously identi�ed phenotypes.
2) Another interesting approach might be attention-networks215 where the neural
network is extended with attention blocks that assign an attention-weight to each
cell. These weights could be used as a proxy for cell importance. Attention networks
have already been used to predict samples of histopathology imaging datasets216.
3) Pre-training the FPP neural network to predict given cell subpopulation for each
cell might help to get cell-features which better re�ect classical gatings.
4) If we already have some algorithm which can predict a cell’s cell subpopulation
like a random forest or even as a neural network, we can count the number of cells
in each cell subpopulation per biological sample. When we use this information as
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additional information per biological sample, the FPP neural network does not need
to �nd these known cell subpopulations but can focus on additional information
present in the data.
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Part IV.

Application of CCC
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1. Introduction

Cytometry characterises cells of a biological sample by cell-properties like size,
complexity or surface markers. A measured cell-property is called a cell-parameter,
which de�nes each cell by numerical values suitable for further analysis. Up to
50 measured cell-parameters characterise each cell5, and the resulting data is a
matrix of unordered cells in the rows, and some cell-parameters as columns. A
biological sample contains millions of cells, and their characterisation can be used
to de�ne cohesive cell subpopulations which re�ect certain anatomic, morphologic
or functional types of cells42.

Predictive modelling in cytometry assigns a class label to a biological sample
according to all measured cells of that sample. This class enables clinical patient
decisions when the class is known to respond to a certain treatment. Due to the
unordered nature of cytometry measurements, only the presence or quantity of
cells de�ne the class of a biological sample but not which cell was measured �rst.

There are multiple approaches for predictive modelling in cytometry which can
be grouped into three concepts. First, partition and count cells based on the cell-
parameters followed by predictive modelling7,9–11. Second, apply unsupervised cell
subpopulation identi�cation followed by predictive modelling7,13–17,19,22–24,26–28,30–32,39.
Third, use all cells without previous summarisation of the cells2,3,6.

I introduced the FPP concept, a concept to organise neural networks for pre-
dictive modelling in cytometry and its manifestation in my python package CCC.
Multiple cells of a biological sample are used together to predict the class the bi-
ological sample. FPP consists of three parts. First, the FeatureLearner transforms
the measured matrix of a biological sample into a new matrix with new, predictive
cell-features. Second, the Pooler aggregates these cell-features into a composition
vector of values per biological sample. Third, the Predictor uses this composition
vector to predict the �nal class.

I also introduced a way to explain the predictions of FPP concept based neural
networks. The FeatureLearner can be replaced by multiple decision trees for the
relevant cell-features. The relevant cell-features can be identi�ed through SHAP
importance values for the pooled cell-features. Final gatings de�ning discriminative
cell subpopulationss are then the result of traversing these decision trees.

In this part, I apply my python package CCC to multiple datasets and report and
interpret the results.

The �rst dataset is a binary classi�cation simulation where cells of biological
sample were simulated with two cell-parameter. Three cell subpopulation were
simulated and one cell subpopulation was either present or absent.

The second dataset is a multiclass classi�cation simulation where cells of biologi-
cal sample were simulated with two cell-parameter. Three cell subpopulation were
simulated and the classes of biological samples were de�ned by the percentage of
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cells in one explicit cell subpopulation.
The third dataset is a real binary classi�cation problem where 63 paired blood

biological samples of two classes were measured with �ow cytometry. In the ANTE
class, one patient was measured after starving for 24 hours. After glucose-intake,
the same patient was measured after one hour (POST class). The biological samples
were measured in two separate batches, and each cell had 19 cell-parameters.
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2. Methods

2.1. Simulations
I introduce a simulated binary and multiclass classi�cation problem. The resulting
datasets were used to showcase FPP concept based neural networks.

2.2. Binary classification simulation
In this simulation, each simulated biological sample contains 105 cells with two
cell-parameters each. The cells are drawn from the following three multivariate
normal distributions with base odds (1, 1, 3) for (N1,N2,N3).

N1(
(
4
0

)
, f2) N2(

(
4
4

)
, f2) N3(

(
0
0

)
, f2)

f2 :=
(
1 0
0 1

) (2.1)

The simulation consists of varying the odds of a cell being in N1 such that the
percentage of cells is either 0% (?0) or 50% (?0.5). For each percentage-class I create
100 biological samples of 105 cells.

2.3. Multiclass classification simulation
As in the simulation for binary classi�cation, each generated biological sample
contains 105 cells with two cell-parameters each. The cells are drawn from the same
three multivariate normal distributions (see Equation 2.1) but now the percentage
of the 105 cells inside drawn from N1 varies over the following values:

{0, 10−6, 10−5, 10−4, 10−3, 10−2, 0.2, 0.5} (2.2)

2.3.1. FPP network se�ings for binary and multiclass
classification

The FPP network architecture consists of three parts: The FeatureLearner , Pooler
and the Predictor . In both simulations, we �xed the hyperparameters such that
50000 cells were subsampled without replacement before further training. Then
2500 cells were the input for the FeatureLearner , drawn randomly in each iteration
(un�xed subsampling). The FeatureLearner consisted of two layers with three nodes
each, so the two input cell-parameters 50 and 51 were densely connected to three
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2. Methods

nodes and those again densely connected to three nodes. Each layer was followed by
batch normalisation158 and after that by a ReLU-function155. The Pooler aggregated
over all 2500 cells with the mean and the maximum resulting in : ∗ @ = 3 × 2 = 6
pooled cell-features. The Predictor used those in one layer with three nodes, also
followed by batch normalisation158 and ReLU-function155.

I used a batch size of 24, the best validation loss over 2500 epochs de�ned the �nal
selected model. I used Adam217 for optimisation with a learning rate of 0.0001, no
weight decay, 0.9 as running average gradient coe�cient, a coe�cient of 0.99 for the
squared running average gradient and 10−8 as an additive term to the denominator
for numerical stability.

Simulation A In the binary problem of simulation A, the Predictor had a single
output node and a sigmoid function ensured 0/1 output. I used the binary cross-
entropy

− (~CAD4 log
(
~̂?A>1

)
+ (1 − ~CAD4) log

(
1 − ~̂?A>1

)
) (2.3)

with the true 0/1-encoded label ~ and the predicted probability ~̂?A>1 ∈ [0, 1].

Simulation B In the multiclass problem of simulation B with eight classes (� = 8),
the Predictor had eight output nodes, followed by a softmax-function. I used cross-
entropy as described in pytorch157 (shown in Equation 2.4) to calculate the loss.
Pytorch combines the softmax and the negative log-likelihood for computational
e�ciency. The prediction for one sample ~ is then a one-hot encoding of � values
and ŷ = softmax(ŷ′) where ŷ′ are the predicted scores from the neural network
before applying the softmax.

� (y, ŷ) = 1
�

�∑
2=1

#∑
8=1

;>BB
(
y2, softmax(ŷ′2)

)
(2.4)

2.4. Identifying fasting blood samples with CCC

2.4.1. ANTE vs POST samples
I received 63 paired blood biological samples of two classes. In the ANTE class, one
patient was measured after starving for 24 hours. After glucose-intake, the same
patient was measured after one hour (POST class).

The biological samples were measured in two separate batches.
The measured cell-parameters were: Forward scatter area and width (FSC-A and

FSC-Width), side scatter area (SSC-A) and the signal area of multiple �uorochromes.
The latter were chosen to di�erentiate T-cell cell subpopulations218, see Table 2.1.

The data was preprocessed by the min-max transformation of the linear cell-
parameters FSC-A, FSC-Width and SSC-A to a scale of 0-1 (GB20;43 = G−<8=(G)

<0G (G)−<8=(G) ).
The �uorochrome cell-parameters were transformed using the arcsinh transfor-
mation with a cofactor 150 (see subsubsection 1.4.1.2). After transformation, each
biological sample was subsampled to a �xed amount of 50000 cells, drawn randomly
without replacement.
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2.4. Identifying fasting blood samples with CCC

Marker Fluorochrome
CCR7 B525-KB520
CD27 B610-ECD
CD8 B690-PerCP
KLRF1 Y585-PE
CD57 Y610-AF594
CD279 Y710-PC5.5
CD161 Y763-PC7
GPR56 R660-APC
CD28 R712-AA700
HLA-DR R763-AA750
KLRG1 V450-BV421
CD4 V525-BV510
CD45RA V763-BV785
CD45 UV405-BUV395
CD3 UV675-BUV661
Live-Dead IR885-ViaKr808

Table 2.1.: ANTE vs POST starving experiment, T-cell cell-parameters their respective �uorochromes.

The network used 2500 randomly sampled cells from these �xed 50000. This
results in a combination of �xed and un�xed subsampling as explained in subsec-
tion 2.2.1.

2.4.2. FPP network se�ings

I �xed the hyperparameters such that 2500 cells were put into the FeatureLearner .
The FeatureLearner consisted of two layers with three nodes each. Therefore, 19
cell-parameters were densely connected to three nodes and those again densely
connected to three nodes. Each layer was followed by batch normalisation158 and
a ReLU-function155. The Pooler aggregated the 2500 cells with the mean and the
maximum resulting in : ∗ @ = 3 × 2 = 6 pooled cell-features. The Predictor used
those in one layer with three nodes, also followed by batch normalisation158 and
ReLU function155. Those were then combined into a single node, and a sigmoid
function ensured 0/1 output.

For optimisation of the network I used the binary cross-entropy as loss

− (~CAD4 log
(
~̂?A>1

)
+ (1 − ~CAD4) log

(
1 − ~̂?A>1

)
) (2.5)

with the true 0/1-encoded label ~ and the predicted probability ~̂?A>1 ∈ [0, 1]. I
used a batch size of 24, the �nal model was chosen based on the best validation
loss over 2500 epochs. Training took about 5 minutes on a personal laptop with
the GPU (NVIDIA GeForce GTX 1650) enabled, an Intel®Core™i5-9300H (2.4GHz)
and 32GB RAM. I used Adam217 for optimisation with a learning rate of 0.0001, no
weight decay, 0.9 as running average gradient coe�cient, 0.99 as coe�cient for the
squared running average gradient and 10−8 as an additive term to the denominator
for numerical stability.
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2. Methods

The model was trained 50 times with these hyperparameter settings.
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3. Results

3.1. Binary classification simulation

In the binary simulation, I simulated two classes of biological samples. Cells were
simulated with two cell-parameters. Class ?0.5 was de�ned by drawing 50% of all
cells from one of three normal distributions, class ?0 drew no cells from the same
distribution. All cells from one exemplary biological sample from each class is
shown in Figure 3.1.
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Figure 3.1.: Binary classi�cation simulation data, one exemplary simulated biological sample from class ?0 (left) and one
exemplary biological sample from class ?0.5 (right). All 105 cells are shown.

I de�ned a FPP neural network with two FeatureLearner layers, mean and maxi-
mum pooling layer and one Predictor layer where 2500 cells were the input of one
biological sample. I split the data randomly into 40 training, 40 validation and 40
test samples. See section 2.2 and subsection 2.3.1 for a detailed explanation on data
generation and training settings.

Training, validation and test performance measured through ROC curves and
the AUC were perfect, as shown in Figure 3.2.

In Figure 3.3 I show the results of the SHAP value calculation: Max-pooling of
:1 had essentially no impact on the classi�cation as the SHAP-values were zero
for almost all simulated biological samples. Max-poolings of :0 and :2 had small,
variable strength e�ects. Mean-poolings had clear, separated e�ects: High values of
the cell-feature means spoke either for (:1) or against (:0 and :2) ?0.5. The mean of
:1 had the strongest e�ect according to the SHAP values. It was so strong that the
model output from mean:$k_1$ cannot be changed by the other pooled cell-feature
values.

101



3. Results

In Figure 3.4 I show the decision tree replacement for the cell-feature :1 with the
highest SHAP values across simulated biological samples. Figure 3.4 (A) shows the
decision tree replacement for :1 and (B) the respective histograms of the cell-feature
value over the cells, as explained in Figure 3.7 of Part III.

I found the �nal gatings, shown in Table 3.1, according to the identi�ed gating
directions for mean:k1. Pro ?0.5 higher resulted in the �nal gating 5 +0 | 5 −1 | 5 −1 for
class ?0.5 by traversing the decision tree towards higher node values. Pro ?0 lower
resulted in the �nal gating 5 −0 | 5 −0 | 5 −0 for class ?0 by traversing the same decision
tree towards lower node values.

Finally, I applied those gatings on the test data and visualised the resulting counts
per biological sample in the two respective �nal gates in Figure 3.5. In sub�gure
(A) I show that simulated biological samples of class ?0 (red) had more cells in gate
5 −0 | 5 −0 | 5 −0 . In sub�gure (B) I show that simulated biological samples of class ?0.5
had more cells in gate 5 +0 | 5 −1 | 5 −1 : Almost zero cells were in this gate when the
simulated biological samples was actually from class ?0.

The results shown here were directly taken from
test_sim05_binary_dtreeTwoclasses , from the CCC implementation, accessible via
GitLab from the group of Prof. Dr Spang.
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Figure 3.2.: Binary simulation: ROC curves of the �nal model’s predictions on training (A), validation (B) and test (C)
simulated biological samples.
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Figure 3.3.: Binary simulation: SHAP scores. Max-pooling of :1 had essentially no impact on the classi�cation as the SHAP-
values were zero for almost all simulated biological samples. Max-poolings of :0 and :2 had small, variable strength
e�ects. Mean-poolings had clear, separated e�ects: High values of the cell-feature means spoke either for (:1) or against
(:0 and :2) ?0.5. The mean of :1 had the strongest e�ect according to the SHAP values. It was so strong that the model
output from mean:$k_1$ cannot be changed by any other pooled cell-feature values.
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3.1. Binary classi�cation simulation
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Figure 3.4.: Binary simulation: Cell-feature trees of the �nal model for the test samples. (A) shows the decision tree, (B) the
respective histograms of the cell-feature value over the cells with the cell-parameters as axes. See Figure 3.8 of Part III
and the respective section for further explanation as I show the same plots there.

Feature Pooling Class pro/contra Direction cut1 cut2 cut3
:1 mean ?0.5 pro higher 5 +0 5 −1 5 −1
:1 mean ?0 pro lower 5 −0 5 −0 5 −0

Table 3.1.: Binary simulation: Gating based on gating directions derived from Figure 3.3 and the decision tree shown in
Figure 3.4
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Figure 3.5.: Binary simulation: Applied gatings to the simulated test biological samples. Counts for each simulated biological
sample are shown in boxplots for all test samples. The gatings were based on Figure 3.4 and Table 3.1. (A) shows the
identi�ed gating when going towards lower cell-feature values, so “pro class ?0”. If a simulated biological sample was
actually in class ?0 (red) there were more cells in that gate. (B) shows the identi�ed gating when going towards higher
cell-feature values, so “pro class ?0.5”. Simulated biological samples of class ?0.5 had more cells in this gate: Almost zero
cells were in this gate when the sample was actually from class ?0.
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3. Results

3.2. Multiclass classification simulation

3.2.1. Theoretical performance boundaries for multiclass
classification simulation

In subsection 2.3.1 I described di�erent subsampling methods. In this simulation, I
subsample 2500 cells from each sample.

Subsampling 2500 cells makes it impossible to distinguish all simulated classes.
All cells of one simulated biological sample per class are shown in Figure 3.6. The
subsampled cells of the same simulated biological samples per class are shown
in Figure 3.7. In the simulation, for samples with a N1 percentage of 105 there is
an expected value of one single cell drawn from the N1-distribution which will
be lost when subsampling 2500 cells. When subsampling 2500 cells, simulated
biological sample classes with less than 1

2500 =4 × 10−4 cells cannot be distinguished.
Therefore, I introduce the zero-like class where simulated biological sample classes
with less than 4 × 10−4 are inside.

In Figure 3.8 I show the number of cells originating from N1 of all simulated
biological samples: (A) For all cells and (B) for a random subset of 2500 cells. We see
that already for class ?0.001, the median number of cells from thatN1 in a simulated
biological sample is two. For classes below percentage ?0.001 the median number is
one or even zero. The maximum number of cells in N1 was 7.
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Figure 3.6.: Multiclass classi�cation simulation data, one exemplary biological sample from each class where all 105 cells
are shown. Going from top-left to bottom-right to higher percentages of N1.

3.2.2. Multiclass simulation results
In the multiclass simulation, I created eight classes of samples, where each class
was de�ned by the percentage of all cells drawn from one of three multivariate
normal distributions (N1).

As in the binary classi�cation simulation, I used two FeatureLearner layers, mean
and maximum poolings and one Predictor layer where 2500 cells were the input
of one sample. In contrast to the binary simulation where I only used one output
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Figure 3.7.: Multiclass simulation data, one exemplary simulated biological sample from each class where only 2500 random
of all generated 105 cells are shown. Going from top-left to bottom-right to higher percentages of N1. Samples with a N1
percentage lower than 0.01 are di�cult to distinguish.
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Figure 3.8.: Multiclass simulation data, boxplots of the true amount of cells drawn from N1 for all 105 cells (sub�gure A)
and 2500 randomly drawn cells (sub�gure B). At N1 percentage of 0.001, there was a maximum of 7 cells in one biological
sample, shown in sub�gure (B). For class ?0 in sub�gure (A) (and in (B) also for class 10−6), no boxplots are shown as no
cells were coming from N1.
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node, here I used eight output nodes: One for each class. From the 100 simulated
biological samples per class (800 biological samples), I randomly split the data into
480 training, 160 validation and 160 test samples. See section 2.3 and subsection 2.3.1
for a detailed explanation on data generation and training settings.

Training, validation and test performance were measured through one-vs-all
ROC curves and the AUC, as shown in Figure 3.9. The test AUCs were perfect for
classes ?0.5 and ?0.2. The test AUCs had good performance for ?0.01. Then the AUC
drops - but not lower than 0.76 for each class.

Figure 3.10 shows the predicted probabilities of each class for all test simulated
biological samples. Samples of classes ?0.5 and ?0.2 had almost probability 1 for the
respective true class. For Samples from class ?0.01 there was one misclassi�cation
in 19 simulated test samples. Samples from class ?0.001 were misclassi�ed in 15 of
23 cases. The other (zero-like) classes had almost identical probabilities for each
class but were �nally predicted as ?10−5 .

In contrast to binary classi�cation, in multiclass classi�cation the SHAP values
must be visualised in one beeswarm plot per class. I show those plots in Figure 3.11
where cell-feature :2 showed to be the major source of predictive power, either
pooled with the mean or the maximum. In each plot, the current regarded class is
written on top of the plot.

Mean and maximum of cell-feature :2 were always the most important pooled
value according to the SHAP values plotted in Figure 3.15. A high maximum of
cell-feature :2 spoke against each respective class. A high mean spoke slightly
against each respective class. All other pooling:feature combinations had essentially
no e�ect on the prediction. In sub�gure (E), we see that the absolute e�ect of the
mean increased and the impact of the maximum decreased. Starting with (F), the
e�ects became less obvious, but for ?0.01 and ?0.2, high values of the maximum
spoke for both classes. Simultaneously, a high mean resulted in class ?0.2, a low
mean in ?0.01. The last class, ?0.5, can be achieved mainly by having a high mean -
but if also the maximum is high, class probability gets low again.

I show in Figure 3.12 the decision tree FeatureLearner replacements only for :2.
The shown decision trees were built only on cells from biological samples from
classes ?0.5 or ?0.

The �nal gatings were found as described in section 3.2 and are shown in Table 3.2.
Finally, I apply those gatings on the test data and visualise the resulting counts per
biological samples of one exemplary gate in Figure 3.13. All gates can be found in
the appendix Figure F 1.

The results shown here are directly taken from the minimum working examples
01_MWE/26_ccc_MWEs/d02_simulations from the CCC implementation accessi-
ble via GitLab from the group of Prof. Dr Spang.
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Figure 3.9.: Multiclass simulation: ROC curves of the �nal model’s prediction on training (A), validation (B) and test (C)
samples. Focussing on the test AUCs, the classes ?0.5, ?0.2 had a perfect AUC of 1. In classes ?0.01 the AUC already
dropped to 0.99. Some of the simulated biological samples in class ?0.001 were able to be identi�ed, resulting in an AUC
of 0.89. Finally, all other classes, previously denoted as zero-like, were non-distinguishable. However, due to the nature
of one-vs-all, they had an AUC bigger than 0.5 because they were actually distinguishable from ?0.5, ?0.2 and ?0.01, only
not from each other.

Figure 3.10.: Multiclass simulation: Predicted probabilities per class and simulated biological sample. Each row is one
simulated sample, sorted by the true class as coloured in the �rst column. The second column is coloured according to
the class with the highest predicted probability. The colour saturation denotes the probability from zero (white) to one
(full colour). For each row, all further columns show the probabilities for the class shown on the x-axis on top. Ideally,
the colours would be arranged in diagonal, fully saturated blocks for this simulation. We see that for class ?0.5 and ?0.2
this was the case. In class ?0.01 were already two samples where the probability for another class (?0.001) was higher, so
predictions were wrong. For class ?0.001 at least some of the probabilities were high enough to predict the correct class
but about half were indistinguishable from the zero-like other classes ?10−4 , ?10−5 , ?10−6 and ?0. For simulated biological
sample from those classes we observed three things: First, their probability for the clear ?0.5 and ?0.2 classes (and also
mostly for ?0.01) was zero. Second, the probability for each class was almost the same but low: They are indistinguishable
from each other. Third, most times a zero-like was predicted non-zero-like, its predicted class is ?0.001.
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3. Results
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Figure 3.11.: Multiclass simulation: SHAP values. From top-left to bottom-right, the percentage-de�ned class increases.
As the zero-like classes were indistinguishable anyway, also the SHAP values looked almost identical in their respective
subplots (A)-(D). Only in (D) the x-axis changes. A high maximum of cell-feature :2 spoke against each respective class.
A high mean spoke slightly against each respective class. All other pooling:feature combinations had essentially no e�ect
on the prediction. In sub�gure (E), we see that the absolute e�ect of the mean increased and the impact of the maximum
decreased. Starting with (F), the e�ects became less obvious, but for ?0.01 and ?0.2, high values of the maximum spoke for
both classes. Simultaneously, a high mean resulted in class ?0.2, a low mean in ?0.01. The last class, ?0.5, can be achieved
mainly by having a high mean - but if also the maximum is high, class probability gets low again.

Feature Pooling Class pro/contra Direction cut1 cut2 cut3
:2 mean ?0 pro lower 5 −0 5 −1 5 −1
:2 mean ?14−06 pro lower 5 −0 5 −1 5 −1
:2 mean ?14−05 pro lower 5 −0 5 −1 5 −1
:2 mean ?14−04 pro lower 5 −0 5 −1 5 −1
:2 mean ?0.001 pro lower 5 −0 5 −1 5 −1
:2 mean ?0.01 pro lower 5 −0 5 −1 5 −1
:2 mean ?0.2 pro higher 5 +0 5 −1 5 +0
:2 mean ?0.5 pro higher 5 +0 5 −1 5 +0

Table 3.2.: Multiclass simulation: Gatings based on gating directions from Figure 3.11 and the decision tree shown in Fig-
ure 3.12. Even if trained only on cells from simulated biological samples from the respective class, there are only two
di�erent �nal gatings: 5 −0 | 5 −1 | 5 −1 for zero-like, ?0.001 and ?0.01 classes and 5 +0 | 5 −1 | 5 +0 for ?0.2 and ?0.5
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3.2. Multiclass classi�cation simulation
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Figure 3.12.: Multiclass simulation: Cell-feature trees of the �nal model for the simulated test biological samples. (A) shows
the decision tree for class ?0.5, (C) the respective histograms of the cell-feature value over the cells with the cell-parameters
as axes. (B) shows the decision tree for class ?0, (D) the respective histograms of the cell-feature value over the cells with
the cell-parameters as axes. (C) shows that high cell-feature values focussed on the bottom right cell subpopulation drawn
from N1 and in (D) that high cell-feature values focussed on cells drawn from N2 and N3.
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Figure 3.13.: Multiclass simulation: Applied gatings to the simulated test biological samples. Counts for each sample are
shown in boxplots for all test samples and each class on the x-axis. The gatings were based on Figure 3.12 and Table 3.2.
(A) shows the gating towards higher values, correlating with higher probability. ?0.5 had the highest counts, followed by
?0.2 and also ?0.01 had visibly elevated counts compared to the other classes. (B) shows the gating towards lower values,
correlating with higher probability. Class ?0.5 had the lowest counts, followed by ?0.2. ?0.1 is slightly decreased where
the other classes were indistinguishable by eye.
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3. Results

3.3. Identifying fasted blood samples with CCC
I classi�ed biological samples using �ow cytometry blood sampled measured with
T-cell cell-parameters. As explained in the methods (section 2.4), a blood sample was
measured before (ANTE) or after (POST) glucose-intake after 24 hours of fasting.
The data are stored with the group of Prof. Dr Spang. Out of the 126 biological
samples, 30 were measured with the second plate and used as a separate test set. The
leftover 96 biological samples were randomly split into training (60%) and validation
(40%) biological samples resulting in 30 ANTE and 27 POST biological samples in
the training set, 17 ANTE and 21 POST biological samples in the validation set
and 15 ANTE and 15 POST biological samples in the test set. See section 2.4 for a
detailed explanation of the data.

Training the model was repeated 50 times with random network initialisations.
See subsection 2.4.2 for the hyperparameter settings.

Training, validation and test performance, measured through ROC curves, and
the related AUC were perfect 44 of 50 times. When I show a result from a single of
the 50 models, I always use the identical model chosen from the 44 well-performing
models. The performance in the six imperfect models also dropped in the validation
set. I show the perfect ROC curves and AUCs in Figure 3.14.

Cell-features :1 and :2 have the highest absolute SHAP values, therefore I replace
only them with a decision tree. The SHAP values are shown in Figure 3.15.

Based on these SHAP values, the following gating directions were identi�ed. High
values of the cell-features mean of :1 and :2 spoke for class POST. In Figure 3.15
this is visualised: High values of a biological sample in red had always positive
SHAP values towards the class POST.

The decision tree replacements of the FeatureLearner for :1 and :2 are shown
in Figure 3.16. Figure 3.16 shows (A) the decision tree replacement for cell-feature
:1, (B) the decision tree replacement for cell-feature :2. (C) and (D) the respective
histograms of the cell-feature value over the cells, as explained in Figure 3.7 of Part
III.

I found the �nal gatings, shown in Table 3.3, according to the identi�ed gating
directions for mean:k1 and mean:k2. For both cell-feature means, there are two
possible gates because of the binary classi�cation problem.

• Pro ANTE lower of :1 resulted in the �nal gating ��4− | ��'7− |  !'�1+
by traversing Figure 3.4 (A) towards lower node values.

• Pro POST higher of :1 resulted in the �nal gating ��4+ |  !'�1− | �(�-�−
by traversing Figure 3.4 (A) towards higher node values.

• Pro ANTE lower of :2 resulted in the �nal gating ��'7− | ��4− |  !'�1+
by traversing Figure 3.4 (B) towards lower node values.

• Pro POST lower of :2 resulted in the �nal gating ��'7+ |  !'�1− | ��4+ by
traversing Figure 3.4 (B) towards higher node values.

Finally, I applied those four gatings on the test data and visualised the result-
ing counts per biological sample in the four respective �nal gates in Figure 3.17.
Biological samples of class ANTE had more cells in ��4− | ��'7− |  !'�1+ (A).
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3.3. Identifying fasted blood samples with CCC

Biological samples of class POST had more cells in ��4+ |  !'�1− | �(�-�− (B).
Biological samples of class ANTE had more cells in ��'7− | ��4− |  !'�1+ (C).
Biological samples of class POST had more cells in ��'7+ |  !'�1− | ��4+ (D).

Not all 50 models resulted in the same decision tree gatings, there were only
two gatings occurring ten out of 50 times. The model was trained with the same
hyperparameters using 50 di�erent initialisations. All resulting 3 × 50 gatings
(used cell-feature × trained models) were calculated on the validation samples
and regardless of the SHAP values. All gatings are shown in Figure G 1. In Fig-
ure 3.18 the full graph of Figure G 1 was restricted to gating paths where at least
10 gatings traverse. Here only two gatings reached the �nal decision tree nodes:
��57− |  !'�1− | ��'7+ reaching POST and ��57+ | ��27− |  !'�1+ reaching
ANTE.

When I applied those two gatings on the test biological samples, the number of
cells inside those gatings reliably di�erentiated the two classes ANTE and POST. In
Figure 3.19 I show the cell counts of these test samples. Biological samples with
high counts in ��57− |  !'�1− | ��'7+ were identi�ed as class POST. Biological
samples with high counts in ��57+ | ��27− |  !'�1+ were identi�ed as class
ANTE.

The results shown here were directly taken from the minimum working exam-
ples 01_MWE/26_ccc_MWEs/01_FastingGlucose from the CCC implementation,
accessible via GitLab from the group of Prof. Dr Spang.
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Figure 3.14.: Fasting: ROC curves of one �nal model’s predictions on training (A), validation (B) and test(C) samples.
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Figure 3.15.: Fasting: SHAP values. The SHAP values of all maximum poolings were close to zero. Mean poolings had clear,
separated e�ects: High values of the cell-features mean of :1 and :2 spoke for class POST. The SHAP values of :0 were
close to zero.
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3. Results

(A) CD4 V525-BV510-A <= 0.419
mse = 0.228

samples = 37500
value = 0.753
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Figure 3.16.: Fasting: Cell-feature decision trees of the �nal model for the test biological samples. (A) shows the decision
tree for cell-feature :1 (C) the respective histograms of the cell-feature value over the cells with the cell-parameters as
axes. (B) shows the decision tree for cell-feature :2 (D) the cells �t into that decision tree. I only show trees trained
on cells from biological samples of the ANTE class as POST class trees were almost identical. See Part III for a detailed
explanation of the plots.

Feature Pooling Class pro/contra Direction cut1 cut2 cut3
:1 mean ANTE pro lower ��4− ��'7−  !'�1+
:1 mean POST pro higher ��4+  !'�1− �(�-�−
:2 mean ANTE pro lower ��'7− ��4−  !'�1+
:2 mean POST pro higher ��'7+  !'�1− ��4+

Table 3.3.: Fasting: Gatings based on gating directions from Figure 3.15 and the decision trees shown in Figure 3.16
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3.3. Identifying fasted blood samples with CCC
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Figure 3.17.: Fasting: Applied gatings to the test samples. Counts for each sample are shown in boxplots for all test samples.
The gatings are based on Figure 3.16 and Table 3.3. (A) (:1) and (C) (:2) show the identi�ed gating for :1 when going
towards lower activation values, so “pro ANTE”. We see that if a sample is actually in class ANTE (blue), there are more
cells in that gate. (B) (:1) and (D) (:2) show the identi�ed gating when going towards higher activation values, so “pro
POST”. We see that POST samples have more cells in this gate. Besides, we see that the gatings identi�ed for :1 and :2
are almost identical here.
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r

r:CCR7− r:CCR7−:CD4−r:CCR7+

r:CCR7+:KLRF1−

r:CD4−

r:CD4+

r:KLRF1−

r:CD57+

r:CD57−

r:CD57−:KLRF1−

r:CD57−:KLRF1−:CCR7+

r:KLRG1+

r:CD57+:CD27−

r:CD57+:CD27−:KLRF1+

r:CD57−:KLRF1−:CCR7+:POST

r:CD57+:CD27−:KLRF1+:ANTE

factor(size)

10

11

12

14

16

17

21

29

37

41

214

factor(color)

ANTE

POST

z_no_endnode

Figure 3.18.: Fasting: Repeated gatings graph. This graph shows the gatings from 50runs and over all (possibly chosen)
3 pooled features. Every gating starts from the root in the centre r. Each gating can be read by traversing the graph
going to the outside and �nally reaching a green or orange node which re�ects the �nal node for an ANTE or POST
gating, respectively. To not overcrowd this plot, I only show here nodes where at least ten gatings match that path.
Therefore some gatings are not �nished, e.g. r :CD4+ stops after that node because the ten contained gatings split up into
less frequent than ten gatings afterwards. We see that only one gating reaches each ANTE and POST at least ten times:
��57− |  !'�1− |��'7+ reaching POST and��57+ |��27− |  !'�1+ reaching ANTE. For the complete gating graph
see the Figure G 1

(A)

POST ANTE
class

300

350

400

450

500

550

n 
ce

lls
 in

 d
ec

isi
on

tre
e 

no
de

CD4 V525-BV510-A- | CCR7 B525-KB520-A- | KLRG1 V450-BV421-A+
��57+ |��27− |  !'�1+ (B)

POST ANTE
class

1350

1400

1450

1500

1550

n 
ce

lls
 in

 d
ec

isi
on

tre
e 

no
de

CD4 V525-BV510-A+ | KLRF1 Y585-PE-A- | FSC-A-
��57− |  !'�1− |��'7+

Figure 3.19.: Fasting: Most prevalent gating counts. Counts on the test set for the most prevalent gatings identi�ed in
Figure 3.18

114



4. Discussion

Cytometry characterises cells of a biological sample by cell-properties like size,
complexity or surface markers. A measured cell-property is called a cell-parameter,
which de�nes each cell by numerical values suitable for further analysis. Up to
50 measured cell-parameters characterise each cell5, and the resulting data is a
matrix of unordered cells in the rows, and some cell-parameters as columns. A
biological sample contains millions of cells, and their characterisation can be used
to de�ne cohesive cell subpopulations which re�ect certain anatomic, morphologic
or functional types of cells42.

In this thesis, I use cytometry data for predictive modelling, where a class is
assigned according to all cells of a biological sample together. This class enables
clinical patient decisions when the class is known to respond to a certain treatment.
Due to the unordered nature of cytometry measurements, only the presence or
quantity of cells de�ne the class of a biological sample but not which cell was
measured �rst. Due to the unordered nature, special predictive modelling methods
are necessary. Predictive modelling for cytometry data needs special algorithms to
factor in the unordered cells.

In the previous part of this thesis, I introduced the FPP concept for predictive
modelling with cytometry data. FPP is a modular structure for neural networks
containing three parts. First, the FeatureLearner transforms the measured matrix of
a biological sample into a new matrix with new, predictive cell-features. Second,
the Pooler aggregates these cell-features into a composition vector of values per
biological sample. Third, the Predictor uses this composition vector to predict the
�nal class. Therefore, the FPP concept is suitable for predictive modelling with
cytometry data.

Predictive modelling with the FPP concept needs multiple user-de�ned hyperpa-
rameters. 1) The architecture of each FPP part de�ning which layers should be used
and how nodes are connected. 2) A pseudo-hyperparameter, the initialisation of
the internal weights of the neural network through a seed for the random number
generator. 3) The subsampling used by the FPP network. Each unique combination
of hyperparameters, excluding the initialisation seed, is called a model variant.
Multiple variants which are trained with the same initialisation seed are called a
run.

In this part, I applied the FPP concept using my python package CCC on two
simulated and one real dataset and show the explanatory power from decision tree
replacements of the neural network.
The binary classi�cation simulation had 100 simulated biological sample from two
classes where one of three cell subpopulations de�ned by two cell-parameters
was either present with 50% of all cells or completely missing. After training on
a part of the samples, the classi�cation of the left out samples was perfect. Also
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4. Discussion

the discriminative cell subpopulations, cells drawn from N1, was found through
decision tree gatings.
The multiclass classi�cation simulation had 100 simulated biological sample from
eight classes. Each class was de�ned by the percentage of cells drawn from one
of the three cell subpopulations. After training on a part of the samples, the
classi�cation was in line with subsampling-related theoretical boundaries. Also,
the discriminative cell subpopulations, cells drawn from N1, was found through
decision tree gatings.
The real dataset were 63 paired �ow cytometry blood samples from a starved
(ANTE) patient or after glucose-intake (POST). This binary classi�cation problem
was perfectly classi�able after training on a part of the samples. Decision tree
gating identi�ed four cell subpopulations where all four were predictive when
counting the cells inside for the left out biological samples.

In the binary simulation, I simulated two classes of biological samples. 105
cells with two cell-parameters were simulated per biological sample. Class ?0.5 was
de�ned by drawing 50% of all cells from one of three normal distributions, class ?0
drew no cells from the same distribution.

A simple FPP neural network with 2500 input cells trained on 40 simulated
biological samples was su�cient to gain perfect classi�cation performance on the
40 test samples. The network was de�ned with two FeatureLearner layers, mean
and maximum pooling layer and one Predictor layer where 2500 cells were the
input of one biological sample.

Cell-feature :1 drove the �nal prediction, as in Figure 3.3 its SHAP values had
the highest absolute value. The SHAP-values in Figure 3.3 showed that the mean
of :1 mainly drove the �nal prediction. All maximum poolings were unimportant.
Because :1 was most important, the FeatureLearner was only replaced for cell-
feature :1.

Cell-feature :1 identi�ed cells coming from the variable cell subpopulation of
cells drawn from N1. The generated decision tree identi�ed cells with high cell-
feature values with the gating 5 +0 | 5 −1 | 5 −1 . This is exactly the cell subpopulation of
cells drawn fromN1. Compare the simulated biological samples in Figure 3.1 to the
2D-histogram in the right branch, �rst depth of Figure 3.4. On the x-axis is 50 and
on the y-axis 51, cells on the bottom right (5 +0 ∧ 5 −1 ) were the cells receiving high
cell-feature values. These are the cells which were drawn from N1.

When high values of a cell-feature speak for one class, low values of that cell-
feature speak for the other class in a binary classi�cation problem. If a cell-feature
speaks for or against a class is de�ned by the gating direction, which is identi�ed
through SHAP values. Therefore, each important cell-feature results in two gatings.
Importance of a cell-feature for the prediction is also found by the SHAP values.

From cell-feature :1, the �rst generated gating 5 +0 | 5 −1 | 5 −1 spoke for class ?0.5,
and its second, converse gating 5 −0 | 5 −0 | 5 −0 spoke for class ?0. I applied those
gatings on the test data and counted the cells per biological sample per gating.
Simulated biological samples of ?0.5 had more cells in gating 5 +0 | 5 −1 | 5 −1 : Almost
zero cells were in this gating when the simulated biological samples was actually
from class ?0. Simulated biological samples of class ?0 had more cells in gating
5 −0 | 5 −0 | 5 −0 , but samples of class had also cells inside. This is in concordance
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to the simulation as the �rst gating identi�ed the either present or completely
missing cell subpopulation. In contrast, the second gating identi�ed cells from a
cell subpopulation in both classes.

The second gating, 5 −0 | 5 −0 | 5 −0 , identi�ed cells from cell subpopulations present
in both classes. This might seem confusing, but it is still a discriminative cell
subpopulations because the total number of generated cells was always the same
for both classes of simulated biological samples. If the percentage of cells drawn
fromN1 is either 50% or 0%, also the percentage of cells in the other two multivariate
normal distributions changes. Therefore not only N1 itself is a discriminative cell
subpopulations but also 5 −0 | 5 −0 | 5 −0 .

With this simulation, I showed how to apply the python package CCC on binary
classi�cation problems. The simulation is comparably easy, and any classi�cation
algorithm should be able to classify in this setting perfectly, but here I show the
general analysis path and the related reasoning. Except for Figure 3.1 where I show
the simulated data itself, all plots were the direct output of the CCC package.

In the multiclass simulation, I created eight classes of samples. 105 cells
with two cell-parameters were simulated per biological sample. Each class was
de�ned by the percentage of all cells drawn from one of three multivariate normal
distributions (N1).

A simple FPP neural network with 2500 input cells trained on 480 simulated
biological samples was su�cient to gain good classi�cation performance on the
160 test samples. The network was de�ned with two FeatureLearner layers, mean
and maximum pooling layer and one Predictor layer with eight output nodes where
2500 cells were the input of one biological sample.

The classi�cation performance was in line with theoretical boundaries. The
classi�cation performance was measured using one-vs-all ROC curves and the
resulting AUC. The test AUCs were perfect for classes ?0.5 and ?0.2 (AUC = 1). The
test AUCs had good performance for ?0.01 (AUC = 0.99). Some of the simulated
biological samples in class ?0.001 can be identi�ed, resulting in an AUC of 0.89.
Then the AUC drops - but not lower than 0.76 for each class. This is perfectly in
line of simulation due to the reason that the zero-like biological samples are not
distinguishable from each other but fairly distinct from ?0.5, ?0.2 and ?0.01. This
becomes also visible in Figure 3.10 where the predicted probabilities for each class
are shown. The probabilities for ?0.5, ?0.2 and ?0.01 are clear cut from the other
classes but the zero-like classes have almost the same probability for every zero-like
class. It is not surprising that biological samples falsely predicted as non-zero-like
were most times predicted as class ?0.001, the class most similar to the zero-like
classes.

zero-like biological samples are not distinguishable from each other. For biological
samples with a N1 percentage of 10−5 there is an expected value of one single cell
drawn from the N1-distribution. Thus even a perfect algorithm cannot distinguish
the zero-like classes ?10−5, ?10−6 and ?0. Even more di�cult: The network drew only
2500 random cells when predicting a single biological sample. Thus the network
cannot reliably distinguish biological samples with less than 1

2500 = 44−4, including
it in the zero-like class. To visualise this problem, I showed the same plots as in
Figure 3.2 but only 2500 cells from each biological sample were shown in Figure 3.7.
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In Figure 3.8 we see the number of cells truly drawn from N1 for all cells and a
random subset of 2500 cells. We see that already for class 0.001, the median number
of cells from N1 distribution in a biological sample is 2, rendering also this class
very hard to distinguish from zero-like even if the theoretical limit is not reached.

Cell-feature :2 was most important for the prediction of all classes. Multiclass
classi�cation results in SHAP values for each predicted class, here mean or maxi-
mum pooling of cell-feature :2 were always most important. Cell-feature :2 was so
strong that no observed value of the other two cell-features was able to overthrow
the prediction of :2.

There are eight gatings for cell-feature :2. The gatings were based on the gating
direction calculated on the mean-pooled cell-feature values. The resulting gatings
were very similar across classes. 5 −0 | 5 −1 | 5 −1 for zero-like, ?0.001 and ?0.01 classes
and 5 +0 | 5 −1 | 5 +0 for ?0.2 and ?0.5. Comparing to the simulated biological sample
visualization in Figure 3.6 we see that 5 −0 | 5 −1 | 5 −1 focusses on the bottom-left cell
subpopulation which is present in all classes but varies in percentage of cells. Simi-
larly, 5 +0 | 5 −1 | 5 +0 for ?0.2 and ?0.5 focusses on the bottom-right cell subpopulation
drawn from N1, exactly the cell subpopulation I actively changed in percentage.

Applying the two gatings to the 160 simulated test biological sample we see
clear di�erences in the number of cells per gating and class except for the zero-like
classes as expected. Cell counts are shown in boxplots for all test samples and
each class in Figure 3.17. 5 +0 | 5 −1 | 5 +0 , the gating towards higher (=“Direction”)
cell-feature :2 values, correlated with higher probability towards high-percentage
classes ?0.2 and ?0.5. Class ?0.5 had the highest counts, followed by ?0.2 and also
?0.01 had slightly elevated counts compared to the other classes which re�ects the
simulation. 5 −0 | 5 −1 | 5 −1 , the gating towards lower (=“Direction”) cell-feature :2
values, spoke for classes zero-like, ?0.001 and ?0.01. I saw the mirrored picture the
for the other gating: zero-likeand ?0.001 had almost identical, high number of cells
in that gating, ?0.01 had slightly decreased counts, ?0.2 had clearly decreased counts
and ?0.5 had the lowest counts.

With this simulation, I showed how to apply the python package CCC on multi-
class classi�cation problems. I showed the general analysis path and the related
reasoning. Except for Figure 3.2 and Figure 3.7 where I show the simulated and
subsampled data, all plots were the direct output of the CCC package.

In the real data, biological blood samples were measured with �ow cytometry
of T-cell cell-parameters. 63 paired blood biological samples of two classes were
measured. In the ANTE class, one patient was measured after starving for 24 hours.
After glucose-intake, the same patient was measured after one hour (POST class).

I �xed the hyperparameters such that 2500 cells were put into the FeatureLearner .
The FeatureLearner consisted of two layers with three nodes each. Therefore, 19
cell-parameters were densely connected to three nodes and those again densely
connected to three nodes. Each layer was followed by batch normalisation158 and
a ReLU-function155. The Pooler aggregated the 2500 cells with the mean and the
maximum resulting in : ∗ @ = 3 × 2 = 6 pooled cell-features. The Predictor used
those in one layer with three nodes, also followed by batch normalisation158 and
ReLU function155. Those were then combined into a single node, and a sigmoid
function ensured 0/1 output.
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A simple FPP neural network with 2500 input cells trained on 57 biological
samples was su�cient to gain excellent classi�cation performance. 38 biological
samples were used as validation data and �nal classi�cation performance was
assessed with ROC-curves and their AUC on 30 biological samples. The 30 test
samples were measured on a separate plate. The network got 19 cell-parameters as
input per cell and was de�ned with two FeatureLearner layers, mean and maximum
pooling, and one output layer.

The model training was repeated 50 times to assess the algorithm’s stability. 44
of those trained models classi�ed all test samples perfectly (AUC = 1), and the
other six models could have been excluded as their validation performance was
also imperfect.

I chose one exemplary of the 44 perfect models and its identi�ed gatings. cell-
features :1 and :2 were most important according to the calculated SHAP values.
Therefore, decision tree replacements for :1 and :2 were built. For both cell-features,
high values spoke for the class POST. The resulting gatings��4+ |  !'�1− | �(�-�−
and��'7+ |  !'�1− | ��4+ spoke for POST. The gatings��4− | ��'7− |  !'�1+
and��'7− | ��4− |  !'�1+ spoke for ANTE. The hierarchical order switched, but
��4+ and  !'�1+ cells spoke for POST in both pro-POST gatings.

To assess the stability of the identi�ed gatings, all gatings of all 50 training repeti-
tions were identi�ed, regardless of their cell-feature’s SHAP values. Here only two
gatings were present at least 10 times in 150 gatings (3 cell-features and 50 repe-
titions). ��57− |  !'�1− | ��'7+ spoke for class POST. ��57+ | ��27− |  !'�1+
spoke for class ANTE.

All identi�ed gatings do not follow classical gating schemes. Usually ��45+
cells (Leukocytes) and ��3+ (T-cells) are identi�ed �rst, followed by ��4+ or
��8+ T-cells which provide di�erent functions5. However, after the classi�cation
performance is near perfect, it seems that the network does not need the information
if a cell is a T-cell or not but starts directly di�erentiating the cell-parameter ��4.
The two overlapping gatings start di�erentiating ��57, which is found on a subset
of cells with natural killer activity, but it does not tell which cell it actually is in
a classical sense. However, these gatings might lead to new insights which cell
subpopulations are relevant.

All six gatings were applied to the test biological samples and showed clear
di�erences in the number of cells in each gating from POST to ANTE biological
samples.

With this analysis, I showed the application of the python package CCC on a
real-world �ow cytometry binary classi�cation problem. All plots were the direct
output of the CCC package.

In summary, I applied the python package CCC to two simulated and one real
dataset and investigated the results. The classi�cation performances were as good
as expected for the binary classi�cation and multiclass classi�cation simulations and
also great for the real fasting-dataset where fasted and non-fasted blood biological
sample were di�erentiated. The found gatings in the simulations correctly identi�ed
the varied cell subpopulations. The found gatings for the fasting dataset were able to
di�erentiate between the two classes but did not resemble classical gating schemes
in �ow cytometry. The results are promising, and it will be interesting to see future
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4. Discussion

applications of CCC.
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Appendices

A. Flow cytometry data: FCS files and
A �ow cytometry experiment results in = events with ? parameters. The data of
these experiments are usually stored as LMD �les, where FCS became a de-facto
standard how to organize these list-mode �les.

Apart from the actual event and parameter values, additional information is often
necessary to properly describe a �ow cytometry experiment. Here, MIFlowCyt has
been introduced to describe a �ow cytometry experiment in a standardised way:
It includes an overview of the experiment, sample, instrument and data analysis
details. Except for the data analysis, all are quite straightforward as you would
introduce an experiment to someone new to your task. The data analysis details
include the actual data (or how to get it). The data are usually supplied as LMD �les,
e.g. FCS �les. Additionally, compensation (see subsubsection 1.4.1.1) description
must be given. Next, every data transformation must be given. Finally, if applicable,
all gating (see subsubsection 1.4.2.1) details are necessary.

FCS is a �le format to standardise reading and writing LMD �les. As technology
improved, multiple updates of that format were necessary: FCS 1.0219, FCS 2.0220,221,
FCS 3.0222 and FCS 3.1223. To read those data �les, there exist packages in R224:
prada (deprecated)225, �owCore226 and ncdfFlow (HDF5-based, extends �owCore226,
use for huge datasets)227. For python228 there exists a variety of packages85,229–235

where FlowKit’s FlowIO or fcsparser package seem most used. Take note that
sometimes one .LMD- or . fcs -�le contains multiple datasets: For example multiple
samples (deprecated223) or once in FCS2.0 and once in FCS3.x format (still allowed).

FCS3.1 �les essentially consist of:

1. HEADER segment: Describes the location of the other segments.

2. TEXT segment: Contains keyword-value pairs describing the data set, e.g.
feature names, number of events, type of the following DATA, spillover
matrix (see subsubsection 1.4.1.1), transformations, etc.

3. DATA segment: Contains the raw data.

4. (Optional) ANALYSIS segment: Contains the result of data processing, e.g.
cell subsetting, cell cycle analysis, etc.

5. (Optional) CRC Value: Redundancy check-value for the data.

6. (Optional) OTHER segments: Anything.

Even if it strongly advised against using the FCS2.0 format in your analysis, it
is sometimes still used (or the only thing available) and especially present in the
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.LMD-�les we received from collaborators. This old standard220,221 seems to lack
only the CRC value compared to FCS3.1. But actually, FCS3.x and FCS2.0 must be
interpreted completely di�erent. The main di�erence resides in the extraction of
DATA using TEXT information. Flow cytometry data must usually be compen-
sated (see subsubsection 1.4.1.1) and transformed (see subsubsection 1.4.1.2) before
analysis. Ernie Anderson236 was of great help to me to di�er between FCS2.0 and
FCS3.x �les: In FCS2.0-�les, the data is already transformed and compensated. The
respective TEXT transformation and compensation information re�ect what has
been done. That’s in contrast to FCS3.x �les where the TEXT information explains
what should be done.

I add a bit of background and terminology236. The data format di�erence results
from (old) analogue and (nowadays) digital compensation and transformation. See
also Figure A 1 which condenses information from Shapiro [68].

At a high level, measuring a cell works the same both times: Use a light source,
measure stray light by electrical means and convert these electrical signals to
digital values recognisable by a PC. The older analogue design used logarithmic
ampli�ers and performed compensation manipulating the voltage of the signals
before digitising it with the ADC. This was advantageous as low-resolution ADC
can be used: They are rated by the resolution (number of output lines, between
6 and 24 “bits”) and the sampling rate (up to many MHz). The ADCs that time
were expensive, and only low-resolution, so many circuits were done analogue.
Nowadays, they are cheap and have a high resolution and sampling rate. One
downside of the analogue world is that compensation and transformation are �xed
as the resolution is not high enough to change the values.

Regarding terminology: Each signal-processed measurement like height, width
or area of forward scatter (FS), side scatter(SS), or �uorescence (FL.n) is called a
parameter in �ow cytometry. The ADC’s resolution refers to the maximum possible
binary number generated by the given number of bits: 218CB . It was generally
unnecessary for analogue cytometers to have a resolution higher than 210 = 1024,
thus values from 0 to 1023. Newer systems have 24 or more bit-ADCs. Each of the
possible 218CB values is termed a channel. Sometimes, bin is used interchangeably.
This confusion resulted from a common visualisation of �ow cytometry data in
histograms: Those histograms bin the 218CB values, but in early days the number of
bins was the same as the number of channels (e.g. both times 1024), leading to a
sloppy usage of terminology.
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(A) The (�uorescence) scattered light is detected by an photomultiplier tube (PMT). This signal needs to be “pre-ampli�ed”,
increasing the detected electrical current and converting it to a voltage. After that, the signal is processed by analog
circuits resulting in height, width and area of the pulse. These three signals are linearly and logarithmically ampli�ed
(read “transformed”) and compensated (see subsubsection 1.4.1.1). The ADC converts the analog to a computer-readable
digital signal.46
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(B) The (�uorescence) scattered light is detected by a photomultiplier tube (PMT). This signal needs to be “pre-ampli�ed”,
increasing the detected electrical current and converting it to a voltage. Then directly, the ADC converts the analog into
a digital signal. specialised digital signal processors convert the signal into height, width and area. Note that the data are
neither compensated nor transformed, this is left to the analyst.46

Figure A 1.: Flow cytometer electronics, analog vs digital

B. Flow cytometry data transformation

In �ow cytometry, the values of parameters are approximately normally distributed
on a logarithmic scale68. However, compensation leads to negative values where
the logarithm is undetermined.

Therefore, multiple transformations have been proposed to properly include
negative values: Logicle (sometimes called biexponential)69, HyperLog70, box-cox71,
linlog, generalised arcsinh (= sinh−1(G))72 and �owVS which can automatically
estimate suitable parameters for the arcsinh73. More recently, rank transformation
was proposed to mitigate batch e�ects, but they strongly recommend combining it
with usual preprocessing steps - in particular compensation and debris removal6.

I show the formula for di�erent transformations and stick mostly to the notation
from �owCore226. Comparisons of the transformations have been published72,74,237.
Except for linlog (�owUtils238), rank transformation and �owVS, all transformations
are implemented in �owCore226, see also the vignettes in Bioconductor for further
information. If you work with FlowJo, you might want to look at the Bioconductor
package �owWorkspace.

Proper data transformation is not straightforward, and its choice and parametri-
sation remain data-dependent72,74. The examples in Figure B 1 use mainly the
default settings and should be adjusted manually to your data at hand.

log(arithm)

5 (G) =
{
;>6(G) A

3
if G > 0

0 4;B4

arcsinh226

5 (G) = sinh−1(0 + 1G) + 2

linlog72

5 (G) =
{
G−0
0
+ log(0) if G ≤ 0

log(G) ~ > 0
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biexponential226

5 −1(G) = 041G − 243G + ℎ

logicle69,239

5 −1(G) =

) 10−("−,−�)

(
10G−,−� − ?210−(G−,−�)/? + ?2 − 1

)
if G ≥, +�

−) 10−("−,−�)
(
10, +�−G − ?210−(, +�−G)/? + ?2 − 1

)
if G <, +�

The parameters are chosen from the data: ) is the maximum data value, " is
the range of the data in decades,, is the number of decades in the approx-
imately linear region, � is the number of decades of negative values to be
included.

generalised box-cox71,240

5 (G) = B6=(G) |G |0−1
0

, 0 > 0

HyperLog70

5 (G) = A>>C (�� (~) − G) where
{
�� (~) = 10(

~

0
) + 1∗~

0
− 1 if ~ >= 0

�� (~) = −10(
−~
0
) + 1∗~

0
+ 1 4;B4

�nd A>>C such that G = �� (~)

Rank
Inside each sample 8 and per measured feature 9 , sort all cells and replace the
measurement with its percentile. 5 (G8 9 ) =

A0=: (G8 9 | in sample 8)
#cells in sample 8 · 100

flowVS73

5 (G) = sinh−1( G
2
) where the “cofactor” 2 is estimated per feature by using

Bartlett’s likelihood-ratio test.

where 5 (G) are compensated, transformed data and 0, 1, 2, 3, 4, ℎ, A, 3 are additional
parameters. For the biexponential and logicle transformations only the inverse
5 −1 has a closed form, so 5 (G) must be solved numerically. The sinh and thus also
arcsinh can be generalised to the biexponential function69. The logicle scale is the
inverse of a modi�ed biexponential function with the “logicle condition” that the
second derivative m2 5 (G)

mG2 = 0 at the (chosen) data zero position (~ =, +�). With
the additional restriction to a scale range of [0, 1], 0, 1, 2, 3, ℎ of the biexponential
function can be �xed.

Figure 1.6 shows exemplary parametrisations of the di�erent transformations on
a sample stained with CD4 and CD8. Note that I show the transformed values on
the x- and y-axis. In cytometry, sometimes the untransformed values are shown,
but on the respective transformation scale.
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Figure B 1.: Cytometry transformations. Every plot shows CD4 on the x-axis and CD8 on the y-axis. Plot (A) shows
the untransformed, compensated measurements as references; all other plots show the transformed values. The colour
denotes the number of cells at that position where blue is at least one cell. In each plot are 50000 cells. I traverse the plot
row by row. (A) Raw, compensated data (B) log, negative values set to 0 (C) linlog, 0=24925.67, optimal estimation from
�owUtils238 (D) arcsinh, both CD4 and CD8 are transformed with sinh−1, 0 = 0, 1 = 1

150 , 2 = 0 (E) arcsinh, CD4 and CD8
are transformed with 0 = 0, 2 = 0 but 1��4 = 1

3500 and 1��8 = 1
5000 according to expert knowledge from the laboratory

(F) box-cox, 0 = 0.3 (G) biexponential, 0 = 0.5, 1 = 1, 2 = 0.5, 3 = 1, ℎ = 0, F = 0 (H) logicle,, = 0.5,) = 262144, " =

4.5, � = 0 (I) HyperLog, 0 = 1, 1 = 1 (J) rank transformation.
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C. Performance experiment 1: All
hyperparameter’s e�ects on performance

AUCs for all tested hyperparameters in experiment 1. Fixed and un�xed, drawing
cells randomly and by outlierness, drawing 2500, 5000, or 9500 cells, and mean
or max pooling. The architecture was �xed to a grid-search based optimum as
reported previously3. There are 2 FeatureLearner layers with 3 nodes each and
1 Predictor layer with 3 nodes. Each layer is followed by batch normalisation158

and a ReLU-function155. After the 3-node Predictor layer, the �nal layer consisting
of a single node re�ects the binary problem. This �nal layer has neither batch
normalisation nor ReLU-function but a sigmoid-function.

Batch-normalisation158 was used after each FeatureLearner and Predictor layer,
except the last Predictor layer (after the 3-nodes)

The shown boxplots do not include all runs of all tested variants. Instead, each
boxplot includes only the best run for each variant.
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D. Performance experiment 2: All parameter and
network architecture e�ects on performance

Performance di�erences for all tested hyperparameters in experiment 2. For this, I
�xed drawing cells random and used only mean pooling. Regarding subsampling, I
used �xed or un�xed without replacement (A) and drew 2500, 5000, or 9500 cells
(C). The architecture was set to 1,2,3 or 10 layers (D) with each 3 or 10 nodes (E)
in the FeatureLearner and 1,2,3 or 10 layers (B) with each 3 or 10 nodes (F) in the
Predictor .

The shown boxplots do not include all runs of all tested variants. Instead, each
boxplot includes only the best run for each variant.
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E. Performance experiment 2: All parameter and
network architecture e�ects on the AUC-range

The un�xed setting draws a certain number of cells (“cells per sample”) from all
cells in that sample each time this sample is inspected. An “inspection” happens
during training but also during inference, so the prediction of a sample can change.
Here I show the results of how strong this prediction variability changes the �nal
AUC, strati�ed for the parameters. The boxplots include 50 AUCs due to predicting
all samples 50 times. For each prediction of all samples, I calculated the AUC, which
then formed the boxplots in Figure 3.6. From these predictions, shown as boxplots,
I calculated the AUC range minimum to maximum. This range is shown on the
y-axis, each boxplot contains all parameter variantruns (except for the strati�ed).

For this, I �xed drawing cells random and used only mean pooling. Regarding
subsampling, I show only un�xed without replacement as �xed would mask the
multiple-prediction e�ect. I show 2500, 5000, or 9500 cells (E). The architecture was
set to 1,2,3 or 10 layers (A) with each 3 or 10 nodes (C) in the FeatureLearner and
1,2,3 or 10 layers (B) with each 3 or 10 nodes (D) in the Predictor .

(A) train val test

1 2 3 10 1 2 3 10 1 2 3 10

0.00

0.05

0.10

0.15

0.20

0.25

FeatureLearner layers

AU
C 

ra
ng

e

FeatureLearner layers

1

2

3

10

(B) train val test

1 2 3 10 1 2 3 10 1 2 3 10

0.00

0.05

0.10

0.15

0.20

0.25

Predictor layers

AU
C 

ra
ng

e

Predictor layers

1

2

3

10

(C) train val test

3 10 3 10 3 10

0.00

0.05

0.10

0.15

0.20

0.25

FeatureLearner nodes

AU
C 

ra
ng

e FeatureLearner nodes

3

10

(D) train val test

3 10 3 10 3 10

0.00

0.05

0.10

0.15

0.20

0.25

Predictor nodes

AU
C 

ra
ng

e Predictor nodes

3

10

(E) train val test

2500 5000 9500 2500 5000 9500 2500 5000 9500

0.00

0.05

0.10

0.15

0.20

0.25

Cells per sample

AU
C 

ra
ng

e Cells per sample

2500

5000

9500

Figure E 1.

146



F. Multiclass classification simulation: All decision
trees and gatings

In the multiclass classi�cation setting, it is possible that the decision trees built on
cells from each distinct class of samples are completely di�erent for every class.

Therefore, I here show them for all eight classes in this multiclass classi�cation
problem. The plot is continued on the next page. Interestingly, in this comparably
easy simulation, there are essentially only two types of decision trees and associated
gatings:

• 5 −0 | 5 −1 | 5 −1 for zero-like, ?0.001 and ?0.01 classes

• 5 +0 | 5 −1 | 5 +0 for ?0.2 and ?0.5 classes
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Figure F 1.: Multiclass simulation: Gatings and trees for all classes. Here we see the decision tree built to replace the
FeatureLearner for its cell-feature :2, distinctly learned on cells from simulated biological samples of one class. On the
left side, always the decision tree is shown. On the right side, the respective node counts from the resulting gating of the
test samples. For the gating directions see Table 3.2. We see that there are essentially two types of gates: First, ?0.5 and
?0.2 where high counts speak for classes with higher N1 percentage. Second, all others where high node counts speak for
classes with lower N1 percentage.
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G. Fasting data: Full gating graph
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Figure G 1.: Fasting: Repeated gatings full graph. This graph shows the gatings from 50 initialisations and over all 3 pooled
cell-features. Every gating starts from the root in the center r. Each gating can be read by traversing the graph going
to the outside and �nally reaching a green or orange node which re�ects the �nal node for an ANTE or POST gating,
respectively.
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