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wieder zu mir selbst zurück fand. Ohne den sportlichen Ausgleich wäre dieses Vorhaben
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Abstract

A single living cell holds the potential to create a complete multicellular organism. On

this route, cells meet molecular crossroads and undergo various changes. When single

cells create tissues, the heterogeneity that drives these cell fate decisions is only accessible

at the single-cell resolution. Recently, the development of single-cell transcriptomics was

key to reveal this heterogeneity. This technology empowers sequencing of ten thousands of

cells and machine learning algorithms allow dissecting such big data. Therefore, single-cell

transcriptomics has great potential for personalized medicine.

In this thesis, I address the issue of reproducibility through replicated measurements. A

systematic bias, called batch effect, reduces the interpretability of data, but it has been

unclear how to best correct for batch effects in single-cell data. Furthermore, as part of the

Human Cell Atlas, which charts all cells in the human body, we need systematic tests for

batch effects to integrate data from various platforms and tissues. Thus, I implemented

a sensitive and unbiased measure called kBET, which allows to quantify batch effects in

single-cell data with replicates and large sample numbers. Furthermore, to establish best

practices for single-cell transcriptome data analysis, I used kBET to evaluate common

normalization and batch correction strategies.

The second goal of this thesis was to characterize cell fate decision making and lineage

choice in the continuously self-renewing small intestinal epithelium of adult mice. Here,

high-throughput single-cell transcriptomics allows profiling rare cell types and its progeni-

tors. First, I characterized all major cell populations and their progenitors in novel detail.

To derive a biologically sound connection between cell types, I contributed to the concept

of diffusion pseudotime, which assigns cells by similarity of their transcriptomic profile

to a one-dimensional metric. This metric is the basis to infer a single-cell graph that

connects the cell type clusters as lineages. I validated connections in the lineage model

using short-term lineage tracing experiments. Second, I investigated how a perturbation

of molecular signaling affects cell composition and lineage choice in the small intestinal

epithelium.
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Zusammenfassung

Eine einzige lebende Zelle birgt das Potenzial, einen kompletten multizellulären Organ-

ismus zu bilden. Auf dem Weg dorthin treffen die Zellen auf molekulare Kreuzungen

und durchlaufen unzählige Veränderungen. Wenn einzelne Zellen neue Gewebe bilden,

dann ist die Heterogenität, die die zellulären Entscheidungen treibt, nur durch Einzelzel-

lauflösung zugänglich. In jüngster Zeit war die Entwicklung der Einzelzell-Transkriptomik

der Schlüssel, um diese Heterogenität aufzudecken. Diese Technologie ermöglicht die Se-

quenzierung von Zehntausenden Zellen und maschinelle Lernalgorithmen können so große

Datenmengen handhaben. Daher hat die Einzelzell-Transkriptomik ein großes Potenzial

für die personalisierte Medizin.

In dieser Arbeit beschäftige ich mich mit der Frage der Reproduzierbarkeit durch wieder-

holte Messungen. Eine systematische Verzerrung, genannt Batch-Effekt, über Replikate

hinweg reduziert die Interpretationsfähigkeit der Daten. Es war jedoch unklar, wie man

Batch-Effekte in Einzelzelldaten am besten korrigieren kann. Darüber hinaus benötigen

wir im Rahmen des Human Cell Atlas, der alle Zellen im menschlichen Körper zu kartieren

wird, systematische Tests für Batch-Effekte, um Daten von verschiedenen Plattformen

und Geweben zu integrieren. In der vorliegenden Arbeit habe ich eine empfindliche und

unverzerrte Methode namens kBET implementiert, die es ermöglicht, Batch-Effekte in

Einzelzelldaten mit Replikaten und großen Probenzahlen zu quantifizieren. Darüber hin-

aus möchte ich einen Goldstandard für die Einzelzell-Transkriptomdatenanalyse etablieren.

Für diesen Zweck habe ich kBET verwendet, um gängige Normalisierungs- und Batch-

Korrektur-strategien zu bewerten.

Das zweite Ziel dieser Arbeit war es, die zelluläre Entscheidungsfindung und die Abstam-

mungslinien im sich ständig selbst erneuernden Dünndarm-Epithel erwachsener Mäuse

aufzuklären. Hier ermöglichte die Hochdurchsatz-Einzelzellen-Transkriptomik die Erfas-

sung seltener Zelltypen und ihrer Voräufer, die bei Niedrigdurchsatz-Ansätzen unbemerkt

blieben. Zuerst habe ich alle wichtigen Zellpopulationen und ihre Vorfahren in neuer

Detailiertheit charakterisiert. Um eine biologisch sinnvolle Verbindung zwischen Zell-

typen abzuleiten, habe ich zum Konzept der Diffusionspseudozeit beigetragen, das Zellen

durch Ähnlichkeit ihres transkriptomischen Profils einer eindimensionalen Metrik zuord-

net. Diese Metrik erlaubt die Konstruktion eines Einzelzell-Graphs, welcher die Zelltypen-

Cluster miteinander verbindet. Weiterhin konnte ich die Verbindungen des Abstam-

mungsmodells mittels Kurzzeit-Abstammungsverfolgungsexperimente validieren. Zweit-

ens untersuchte ich, wie eine Störung der streng kontrollierten molekularen Signalgebung

die Zellzusammensetzung und die Abstammungslinien im Dünndarm-Epithel beeinflusst.
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Chapter 1

Introduction

Je suis de ceux qui pensent que

la science est d’une grande

beauté.

Marie Curie

The discovery of cells with a simple light microscope dates back to 1665 when Robert Hooke

examined thin slices of bottle cork. He observed regular patterns of cell walls and termed

them ‘cells’ as they resembled monastic cells, which are inhabited by monks [Hooke, 1665].

Still, the mystery of cells remained unsolved for another 150 years. The role of the cell as

fundamental unit of life and the fact that cells compose all organisms is self-evident today,

however, was vividly debated in the 19th century. Eventually, the cell theory was formu-

lated in 1839. It is mostly accredited to Matthias Schleiden and Theodor Schwann [Schlei-

den, 1838, Schwann, 1839]. In 1858, Rudolf Virchow added the fundamental aspect that

every cell arises from a pre-existing cell (“Omnis cellula e cellula”), thereby ignoring sem-

inal publications on cell division from Robert Remak in 1852 [Mazzarello, 1999].

Ever since, biologists have described and classified cells by their morphology, shape, func-

tion, location and interaction with other cells. As such, every technological advance in

light microscopy revealed a more detailed picture. Sulston et al. [1983] even reconstructed

the lineage of every single-cell in C. elegans, a worm-like organism consisting of ∼ 1, 000

cells, via direct observation in a light microscope. Such endeavors are practically infeasible

for higher organisms.

The possibility to study organisms and their genetic background revealed astonishing re-

lations. For example, the avian family tree, which is based traditionally on morphologic

features, was fundamentally rewired when the phylogenetic relationship were revealed

through genome sequencing [Jarvis et al., 2014]. Analogously, a description of cells based

on obvious parameters such as appearance or specific molecular markers lacks the com-

prehensive picture, as the same shape and morphology do not necessarily imply common

function, molecular configuration or ancestry. Moreover, cell classification based on molec-

ular markers is not systematic, especially due to the lack of systematic screening for the

most specific marker of the chosen cell type. Nowadays, in order to gain more insights to
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the complexity and redundancy in biological systems, the joint effort of interdisciplinary

teams is essential. The following chapter sheds light on biological methods to study molec-

ular properties of single cells, and on subfields that were of particular interest in this work.

It must be noted that the mathematical methods to analyze high-dimensional data from

single cells are reviewed in Chapter 2.

We first introduce the structure of the animal cell and how a cell stores and utilizes in-

formation. Then, we review experimental methods to study single cells with respect to

cell differentiation and specialization. The subsequent section reviews the experimental

techniques for single-cell transcriptomics, which is the particular focus of this thesis. Fur-

thermore, we shed light on biological systems, which we studied in detail using single-cell

transcriptomics.

1.1 The molecular organisation of the animal cell

The cell is the smallest unit in a living organism and is equipped to fulfill various functions.

Cells are highly structured and organized [Alberts et al., 2008]. The substructures of a

cell are called organelles. Generally, cells are classified by the presence or absence of a

nucleus into Eukaryota and Prokaryota. Animals, plants and fungi belong to the domain

of Eukaryota, while bacteria and archaea are Prokaryota.

A vital characteristic of life is to procreate. In particular, a cell produces two identical

daughter cells through mitosis [Alberts et al., 2008]. A series of events called cell cycle

is required for successful cell division (see Fig. 1.1a). The cell cycle is divided up into

four phases: In gap phase 1 (G1 phase), which follows the mitosis, the cell is resuming its

biosynthetic activity and cell growth. In the synthesis phase (S phase), the cell duplicates

its DNA. In the following gap phase 2 (G2 phase), the cell has high biosynthetic activity

and prepares for cell division. In mitosis (M phase), the cell divides and distributes the

duplicated genetic material on the daughter cells. During this phase, the nucleus breaks

down and biosynthetic activity is halted. In addition, cells may enter a quiescent state

called G0 phase from G1 phase, where they do not divide. Cells with active cell cycle are

called proliferating. Most cells in an organism, however, stay in G0 phase.

Next, we focus on the structure of animal cells (see Fig. 1.1b). An animal cell has an

outer membrane, which separates the cell plasm from its environment and acts as filter

for nutrients or recognizes external stimuli. Further, every organelle of the animal cell is

surrounded by a plasma membrane or in case of nucleus and mitochondria, by two plasma

membranes. The nucleus contains the genetic material of the cell, called DNA. In higher
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Figure 1.1: Cell structure and the molecular organization of genetic information. a The
phases of the cell cycle. b The structure of an animal cell (adapted and simplified from Alberts
et al. [2008]). c The central dogma of molecular biology describes the flow of information from
DNA to protein.

organisms, the genetic material is organized as chromosomes. Furthermore, the DNA

molecule is wrapped around histones, which enable the compaction of a genome to fit in

the nucleus. The complex of DNA and histone proteins is called chromatin. Moreover,

histones are modified to silence unneeded regions or to relax the compaction of active

regions in the DNA.

Mitochondria provide chemically bound energy in the form of ATP1, thereby consuming

oxygen. The endoplasmatic reticulum (ER) is a complex network of interconnected tubes

and sacs stretching through the whole cell plasm. Amongst others, the ER is involved in

protein synthesis and modification, and lipid synthesis. Modified proteins and lipids are

packaged into vesicles that bud from the ER and are transported to the Golgi apparatus.

The Golgi apparatus is a series of stacked membrane disks called cisternae, which serves

as sorting and dispatching station for the products from the ER. Furthermore, the Golgi

apparatus is an integral part of the cellular vesicle transport. For example, it produces

secretory vesicles and receives endocytotic vesicles from the outer membrane.

Lysosomes also take part in the vesicle transport system of the cell. These organelles

encapsulate hydrolytic enzymes in an acidic environment and decompose macromolecules

such as lipids and proteins. Vesicle transport requires a directed movement of various

components, which is provided by the cytoskeleton. This cable-like structure starts from

the centrioles and spans the complete cell plasm. Furthermore, the cytoskeleton determines

cell morphology and enables cell movements.

Cells constantly produce and degrade proteins in order to maintain the cellular functions.

Protein biosynthesis is a two-step process consisting of transcription and translation (see

1ATP stands for Adenosine-Triphosphate, the universal unit of energy in a living cell.
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Fig. 1.1c). The blueprints for every protein, called genes, are encoded in the DNA, which

serves as a long-term storage of genetic information in the cell. In eukaryotes, a gene con-

sists of alternating segments of coding regions called exons and non-coding regions called

introns. During transcription, the complete gene sequence is converted into a messenger

RNA (mRNA) molecule. As a remark, DNA and RNA molecules have a head called 5’

end and a tail called 3’ end. Nucleotides2 can only be added to the 3’ end.

After transcription, a 5’ cap protects the 5’ end and the 3’ end is extended by a poly-

A-tail through polyadenylation3. In the process called splicing, the mRNA molecule is

reduced to the exons. As a remark, splicing and polyadenylation are considered to be

co-transcriptional, co-occurring processes [Misra and Green, 2016], but polyadenylation

may be faster than splicing [Gray et al., 2014, Hendriks et al., 2014, La Manno et al.,

2018].

Being processed, the mature mRNA molecule is transported to the cell plasm to the ribo-

somes. The ribosome is a protein-RNA-complex with several subunits that perform the

translation of mRNA to protein. Here, the ribosome synthesizes proteins from 20 pro-

teinogenic amino acids based on the mRNA template, where every amino acid is encoded

by a nucleotide-triplet called codon [Alberts et al., 2008, Leder and Nirenberg, 1964]. As

soon as the ribosome reaches a stop codon, both mRNA and protein are released.

The general transfer from DNA to protein via RNA is summarized in the central dogma

of molecular biology [Crick, 1970], i.e. information cannot be transferred from protein

into RNA or DNA, and the transfer of information from RNA to DNA was questioned.

Shortly thereafter, the discovery of reverse transcriptase in retroviruses [Baltimore, 1970,

Temin and Mizutani, 2004] effectively extended the central dogma of molecular biology

and created the basis for RNA sequencing.

1.2 The study of single cells at the molecular level

To study cellular processes, researchers usually employ a targeted approach, i.e. few fea-

tures are studied at once in thousands of cells. Experimental techniques that operate at

single-cell resolution allow to study cellular heterogeneity as in response to a stimulus,

gene regulation, cell fate decisions, and de novo discovery of new cell types. On the other

hand, to study complex molecular traits in health and disease, so-called ‘omics’ technolo-

2A nucleotide consists of a phosphate, a pentose sugar and a nucleobase. Four different nucleobases make
up the DNA: adenine (A), guanine (G), thymine (T) and cytosine (C). In RNA, thymine is replaced by
uracil (U). The pentose sugar is ribose in RNA and desoxyribose in DNA.

3The poly-A-tail is a long sequence of adenin nucleotides.
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Figure 1.2: Development of single-cell ‘omics’ and experimental techniques for single-
cell measurements. a Converging development of ‘omics’ approaches from bulk to single-cell
measurements and the upscaling in the number of features in single-cell biology. Figure adapted
from Junker and van Oudenaarden [2014]. ‘Omics’ approaches aim to cover the full feature
space while targeted methods assess few features. b Method overview based on the number
of measurable features and sample size per experiment. Methods are colored by the measured
molecule type (see Marr et al. [2016] for comparison).

gies have been developed to measure all possible features such as all expressed genes in a

cell ensemble (see Fig. 1.2a). The targeted approach of single-cell biology allows study-

ing thousands of cells while ‘omics’ biology allows studying thousands of genes, proteins,

etc. Combining ‘omics’ approaches with single-cell biology makes it possible to study all

features of every single cell in complex tissues [Haber et al., 2017], organs [Baron et al.,

2016, Byrnes et al., 2018], embryos [Wagner et al., 2018] or complete adult animals [Plass

et al., 2018].

In this section, we review experimental techniques in single-cell biology that target the

different layers of the molecular machinery (see Fig. 1.2b). It must be noted that experi-

mental aspects of single-cell RNA-sequencing are discussed in detail in section 1.3.

In the past decades, the expression of a protein has been studied on the bulk level for

example by Western blotting [Burnette, 1981, Towbin et al., 1979], mostly detached from

its localization in the cell. In contrast, studying a gene or protein on the single-cell level

returns a highly resolved and sophisticated picture. Finally, we embed cells in close context

to its neighboring cells in a tissue [Eberwine et al., 2014]. For example, Elowitz et al. [2002]

reported cellular heterogeneity on E. coli populations whose expression of a single gene

varied highly due to stochastic expression bursts. In higher organisms, changes in the

gene expression pattern are immediately accompanied by structural changes in chromatin
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accessibility4, histone modification and DNA methylation. These changes are of particular

interest in the field of epigenomics.

One of the earliest single-cell techniques is fluorescently activated cell sorting (FACS) [Hulett

et al., 1969, Julius et al., 1972]. Usually, antibodies coupled with a fluorescent label bind

to specific surface markers of cells in suspension. Then, the suspension is applied to a

flow cytometer, the fluorescent light signal is collected and the cells are sorted for subse-

quent use. Furthermore, a flow cytometer measures non-fluorescent features such as cell

size, forward scatter and side scatter. Flow cytometry and cell sorting are well-established

single-cell technologies with a huge palette of clinical and research applications [Han et al.,

2016]. However, they rely on the principle of fluorescence, which is limited to ∼ 12 colors

due to spectral overlap [Autissier et al., 2010].

In contrast, single-cell mass cytometry (cyTOF ) uses antibodies coupled with elemental

isotopes and a mass spectrometer replaces the flow cytometer [Bendall et al., 2011]. Here,

up to 100 different features can be distinguished in principle [Bandura et al., 2009]. No-

tably, cells are ionized and nebularized in a spray for measuring the antigen binding and

thus subsequent experiments are impossible. More recently, Stoeckius et al. [2017] pre-

sented CITE-seq, where antibodies are labelled with short DNA-strands. Coupling this

method with droplet-based scRNA-seq (see section 1.3), the number of measured features

is only restricted by the antibody diversity and price, and the number of relevant surface

molecules. Practically, CITE-seq provides as many features as cyTOF, but the antibody

information can be directly read out via scRNA-seq, providing both protein and mRNA

measurements in a single experiment. Nonetheless, mass cytometry has been shown to

combine both mRNA and protein quantification recently [Schulz et al., 2018].

On the mRNA level, scRNA-seq quantifies the complete transcriptome of hundreds to

thousands of single cells [Angerer et al., 2017] (see section 1.3). Before the advent of

transcriptomic profiling, single-cell reverse-transcription quantitative PCR (RT-qPCR)

enabled a sensitive and robust quantification of up to 96 genes in up to 96 cells [Bengtsson

et al., 2005, St̊ahlberg and Bengtsson, 2010]. In this method, mRNAs are first converted

into cDNAs. Then, the cDNAs undergo the standard PCR amplification procedure with

denaturation, annealing and elongation [Saiki et al., 1988]. After the elongation step, the

number of cDNA molecules is quantified by the signal of a fluorescent dye, which binds

to double-stranded DNA. As the number of DNA molecules doubles with every cycle, the

fluorescent signal is increasing until it surpasses the background noise level. Thus, RT-

qPCR returns a relative mRNA amount per gene and cell.

In contrast, fluorescence in situ hybridization (FISH) on the single molecule level (i.e.

4DNA regions without active transcription are compacted while regions with active transcription are open.
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smFISH ) allows counting mRNAs in a cell. FISH is a sensitive measure for a highly specific

number of genes [Femino et al., 1998, Levsky et al., 2002]. Notably, cells are fixed before

a fluorescently labelled DNA-probe hybridizes with present mRNAs, such that the spatial

information of the cells within a tissue is preserved. Moreover, smFISH is the current

gold standard to quantify gene expression in single-cells [Grün et al., 2014, Halpern et al.,

2017, Svensson et al., 2017]. Similar to FACS, smFISH is restricted to ∼ 12 colors due to

spectral overlap. To overcome the limitation of fluorescence, Chen et al. [2015] recently

developed the multiplexed error-robust FISH (MERFISH ), where multiple hybridization

and subsequent readout rounds combined with an error-robust labelling scheme allow to

quantify thousands of mRNA species. Still, both smFISH and MERFISH depend on

efficient imaging analysis to separate cells and quantify gene expression and in order to

upscale these methods.

Next, we briefly illustrate scDNA-seq and chromatin structure analysis with scATAC-seq

and scHi-C as representatives of the versatile epigenomics-toolbox to study cell diversity

and plasticity [Schwartzman and Tanay, 2015]. Briefly, scDNA-seq plays a major role in

the analysis of microbes to assess microbial diversity. Usually, this technique is applied to

study non-cultivable species via whole-genome amplification [Marcy et al., 2007].

To study chromatin structure, the assay for chromatin accessibility combined with se-

quencing (ATAC-seq) reveals all open chromatin regions in the genome [Buenrostro et al.,

2013, 2015a,b]. Open chromatin not only reveals sites with active gene expression, but also

enhancer regions. Furthermore, ATAC-seq gives access to identify active enhancer regions.

In complement the information of open chromatin, highly resolved chromatin conforma-

tion capture by scHi-C allows reconstructing the unique three dimensional chromosome

architecture and within-chromosome connections [Nagano et al., 2013, Schwartzman and

Tanay, 2015]. However, while ATAC-seq even resolves nucleosome positioning ranging

∼ 150 bp, Hi-C is coarse-grained with a resolution scale of mega basepairs [Dixon et al.,

2012, Lieberman-Aiden et al., 2009].

1.3 The technology of single-cell RNA-sequencing

The analysis of single-cell transcriptomes was first demonstrated on seven single cells in

2009 [Tang et al., 2009] and increased to over 1 million cells measured by the commercial

platform ChromiumTM (10X Genomics) (see Fig. 1.3). Early single-cell mRNA sequencing

(scRNA-seq) studies focussed on cells from early embryonic development due to the very

limited amount of biological input material [Tang et al., 2009, 2010]. Steady technological

advances allowed to reduce sample volume from microliter to nanoliter volume thereby
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a b

Figure 1.3: Increasing availability (a) and sample size (b) of single-cell RNA-seq data. Figure
adopted with courtesy from Angerer et al. [2017].

increasing sensitivity [Wu et al., 2013], increasing sample size [Jaitin et al., 2014, Klein

et al., 2015, Macosko et al., 2015] and reducing costs [Hashimshony et al., 2016, Ziegenhain

et al., 2017].

Single-cell RNA-seq, is performed in the following steps. First, the cells are isolated and

lysed. Then, as many mRNAs as possible are reverse transcribed into DNA (see Fig. 1.4).

Specifically, the primer for reverse transcription has a poly-T sequence to select for the

poly-A tail of mRNAs. Then, a second strand is synthesized and all DNA fragments are

amplified. Finally, all fragments are sequenced. The resulting reads are aligned to the

reference genome (i.e. to known exons).

In general, we distinguish scRNA-seq protocols by protocol platform and quantification

strategy. As platform serves either a microwell plate, a microfluidics chip or a nanoliter

droplet device (see. Fig.s 1.4 and 1.5). The second important distinction is the quantifi-

cation strategy, which is closely connected to the gene body coverage. So-called full-length

methods cover most of the gene body [Picelli et al., 2013, Ramsköld et al., 2012], while

3’-tag counting methods cover mainly the 3’-end of a transcript (i.e. its end). Even though

we may observe a 3’-bias also in full-length methods [Ziegenhain et al., 2017], the coverage

of the complete gene body allows to study e.g. splicing variants [Kolodziejczyk et al.,

2015b].

Tag-counting methods become more popular with the idea of transcript counting using

unique molecular identifiers (UMIs) [Islam et al., 2014]. During the amplification step,

we create several copies of the same transcript and cannot distinguish a unique transcript
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Figure 1.4: Schematic of library preparation in single-cell RNA-seq analysis for selected pro-
tocols. The general workflow is the same for all depicted methods, variations are described in
the text. Figure adopted with courtesy from [Ziegenhain et al., 2017].

from its copies. Thus, amplification contributes to the noise for each gene. In contrast, a

UMI acts as ID for a transcript. It is a short random sequence of 6−10 bp that is directly

ligated to the poly-T primer sequence. When all sequences are aligned to the respective

gene, we count the number of different UMIs. Thus, we discard copies of the same mRNA

transcript and quantify only unique transcripts. Based on the UMI sequence length, we

can distinguish 212 − 220 ≈ 103 − 106 transcripts.

We consider two different methods for amplification of DNA fragments. The ‘classical’

fashion is to use the polymerase chain reaction (PCR) with a thermostable enzyme [Saiki

et al., 1988]. This enzyme approximately doubles the input DNA per cycle, where the

efficiency is sequence-dependent [Chakrabarti and Schutt, 2001]. The second method is

called in vitro transcription (IVT) [Eberwine et al., 1992]. IVT linearly increases the DNA

fragments and has been described a few years after PCR, but needed some optimization

to meet the low amount of mRNA input [Hashimshony et al., 2012].

Finally, a DNA library is created by adding sequencing-specific adapters (tagmentation,
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Figure 1.5: Sensitivity of single-cell RNA-seq protocols (i.e. the molecular detection limit).
Sensitivity is defined by a logistic regression model based on the detection rate of technical
(spike-in) genes. The more sensitive the method, the lower the molecular detection limit.
Figure adopted with courtesy from Svensson et al. [2017].

e.g. Nextera, Illumina). Then, the libraries are sequenced. If the libraries were pooled

before sequencing, the resulting read-out data file contains the sequences for all fragments

per cell or per data set. Otherwise, we obtain one data file with sequences per cell.

Variations in the workflow, such as experimental platform, and reaction volume affect the

mRNA capture in the reverse transcription step [Svensson et al., 2017, Wu et al., 2013].

An important parameter for single-cell RNA-seq is the sensitivity of the methods (see

Fig. 1.5). The molecular detection limit is inverse proportional to the sensitivity of a

method. Bulk RNA-seq has a comparatively low sensitivity, which is compensated by the

high amount of input material of several thousands of cells. In contrast, single-cell meth-

ods require a high sensitivity as the input material is considerably lower compared to bulk

RNA-seq. A sensitivity of 10 % corresponds to a molecular detection limit of 10. Hence,

1 out of 10 copies of the same gene transcript is recorded by the method — Svensson

et al. [2017] have investigated the sensitivity of available single-cell RNA-seq methods to

report few methods with a molecular detection limit between 1 and 10 (and corresponding

sensitivity of 10−100 %). On the one hand, these methods have reached a high sensitivity

already. On the other hand, they also suffer from variability in the capture rate. This

issue increases the loss of mRNAs and the so-called dropout rate of a gene.

The term dropout defines the phenomenon of observing a zero entry for a gene. These
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Batch

Condition

Balanced design Confounded design
ba

Biological replicates Technical replicates

Figure 1.6: Batch types and experimental design. Estimating the batch effect in single-cell
RNA sequencing data (Figure is adapted from Büttner et al. [2019]). a Biological and technical
replicates have different origins. Technical replicates are derived from the same biological
samples (in this case cell cultures), while biological replicates are independent samples. b
Experimental designs: A balanced design allows one to separate technical and biological sources
of variation, while a confounded design mixes both.

zeros have several possible origins: A gene might be not expressed at all, or it is not

expressed at the moment of quantification due to stochastic or bursty gene expression as

reported by Elowitz et al. [2002]. If the gene is expressed, but was not observed, it was

not captured in the experiment. All these sources result in the same observation, the

zero entry for a gene, but should be treated differently. However, we cannot distinguish

non-expressed genes from non-captured genes a priori.

In order to capture the increase on noise in scRNA-seq, Stegle et al. [2015] have encouraged

the use of spike-ins. Spike-ins are a mix of synthetic, polyadenylated RNAs designed by

the External RNA Control Consortium (ERCC). These genes do not map to the reference

genome of the organism and cover different lengths, GC-contents, and initial concentra-

tions. The downside is that technical variance of ERCC spike-ins may differ from the

variation of biological samples [Risso et al., 2014]. Further, some very popular methods

as droplet-based sequencing (e.g. drop-seq [Macosko et al., 2015], inDrop [Klein et al.,

2015] and the commercial platform ChromiumTM (10x Genomics)) do not allow the use

of spike-ins.

1.4 Computational challenges for single-cell RNA-seq data

integration

With the variation in sensitivity across protocols, we already glimpsed at another impor-

tant aspect: we have to control for the systematic bias arising from repeated measurements
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and consider those effects in the experimental design of our study [Büttner et al., 2019]5.

Usually, data collection by experimental measurements is distributed over several exper-

imental runs, so-called batches. We term any variation that emerges through technical

effects arising when samples are handled in distinct batches as batch effects. In general,

batch effects occur if an experiment is repeated with biologically equivalent cells (e.g. dif-

ferent patients of the same disease) or technically equivalent cells (e.g. sequencing cells

of the same culture condition on subsequent days) as depicted in Fig. 1.6a. Both biolog-

ical and technical variations contribute substantially to the total variability in single-cell

RNA-sequencing (scRNA-seq) data. In a balanced design for a sequencing experiment, we

are able to identify and distinguish biological from technical variation (Fig. 1.6b).

In contrast, a confounded design groups cells of the same condition into the same se-

quencing runs, and separates biologically distinct cells into entirely distinct handling and

sequencing runs. This confounds biological with technical variability. In such a setup, a

worst case scenario might be that the technical variation swamps out the biological vari-

ation. Accounting for technical factors in a dataset is a key step in the pre-processing

workflow after cell and gene filtering [Lun et al., 2016b]. Moreover, it impacts the selec-

tion of ‘potentially interesting genes’. As such, the choice of ‘interesting genes’ removes

noise from the data but also defines the potential outcome of data analysis. If balanced

design is not possible e.g. by chip design, it is recommended to create several replicates

per biological condition [Tung et al., 2017]. The need to study batch effects becomes more

pressing when we aim to integrate data from different platforms, tissues and individuals

as the Human Cell Atlas aspires to. We review various approaches for single-cell RNA-seq

data analysis in Chapter 2.

Furthermore, upscaling sample size in scRNA-seq draws particular attention to the com-

putational aspects of data analysis. With increasing number of cells and features, the

computational requirements for data storage and processing is almost constant, however,

the actual bottleneck is the data analysis [Angerer et al., 2017]. In particular, when relat-

ing all cells to one another, the complete data matrix is loaded into the computer memory

in classical data analysis. This may become infeasible with even larger datasets. Moreover,

due to global efforts such as the Human Cell Atlas [Regev et al., 2017], we are able to

access huge amounts of data, stressing the need for scalable methods to data integration.

Taken together, algorithmic complexity, parallelization and efficient implementation are

key instruments to the critical step of data analysis [Angerer et al., 2017, Wolf et al.,

2018a].

In total, single-cell RNA-seq has become a reliable method for transcriptional profiling

5The following section has high similarity to the introduction of Büttner et al. [2019]
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of single cells. Still, the impact of sensitivity and dropout to the signal-to-noise ratio

and systematic bias per measurement demands for distinctive statistical approaches that

deal with high-dimensional data and effective feature extraction in order to exploit these

data for knowledge discovery. Thus, the huge prospectives of single-cell RNA-sequencing

technology is coupled to the advances and standardization in data analysis.

1.5 New insights to development and lineage specification

through scRNA-seq

The technology of scRNA-seq allows transcriptomic profiling in thousands of cells and

is widely applicable in cell biology research. Furthermore, scRNA-seq offers a number

of advantages over bulk RNA-seq as it facilitates the study of the stochastic nature of

gene expression, cellular heterogeneity, rare cell types, and cell lineage specifications dur-

ing development. For example, embryonic development in the mouse involves only few

cells and the gene expression pattern of oocytes to blastocysts is the key to understand

pluripotency. The full scale of it is only accessible via scRNA-seq and has been studied

extensively [Biase et al., 2014, Boroviak et al., 2015, Deng et al., 2014, Fan et al., 2015,

Goolam et al., 2016, Liu et al., 2016, Tang et al., 2009, Wu et al., 2016, Xue et al., 2013].

Furthermore, during early stages of embryonic development, cells differentiate into three

germ layers. Mouse embryonic development and scRNA-seq technology has been reviewed

in detail in Pijuan-Sala et al. [2018]. In particular, the emergence of the distinct cell types

was successfully characterized through computational modelling by Gaussian Process La-

tent Variable Models [Buettner and Theis, 2012] and diffusion maps [Haghverdi et al.,

2015].

Detecting rare cell types is particularly important when it comes to distinguish healthy

tissue samples from cancer [Sandberg, 2014]. For example, Grün et al. [2015] developed the

tool RaceID to identify rare cell populations in scRNA-seq data. However, the number of

cells per sample has to be increased accordingly to detect rare cell types according to their

expected abundance6. To date, a clinical application of scRNA-seq is not available, but

with decreasing sequencing costs per cell, increasing throughput per samples, automated

pipelines for sequencing, and increasing standardization in analysis, translation into the

clinics is quite imaginable.

The recent advances in upscaling scRNA-seq experiments and corresponding data analysis

6Rahul Satija’s lab provide a simple web application to create a sample size estimation for scRNA-seq
experiments (https://satijalab.org/howmanycells). Here, they use a negative binomial model to estimate
the sample size in order to detect at least n cells with a 95 % confidence level.
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methods allow to sequence and analyze full organisms such as fruit fly embryos [Karaiskos

et al., 2017], zebrafish embryos [Wagner et al., 2018], and C. elegans [Cao et al., 2017].

One astonishing example for the capabilities of the sequencing technology presented [Plass

et al., 2018]. The authors sequenced a complete adult planaria animal, annotated all cell

types and derived a lineage tree for all populations using graph abstraction (PAGA) [Wolf

et al., 2018b]. These advances combine large-scale experiments with potent computational

models. Hence, the extensive implications of scRNA-seq for medicine and fundamental

cell biology research have been recognized as the Breakthrough of the Year 2018 by the

Science magazine [Pennisi, 2018].

All in all, the experimental methods are ready to tackle a global project even larger than

the Human Genome Project in the late 1990’s — the Human Cell Atlas aims to chart all

cell types in the human body [Regev et al., 2017]. However, data analysis is still a bot-

tleneck, but key to interpret the biological data. In particular, the numerous challenges

such as data integration from different labs and platforms, automated cell type annota-

tion, lineage inference in human development and tissue regeneration demand an equally

huge contribution from the computational side. An atlas with all cell types in all tissues

including cell-to-cell communication and interaction, molecular signaling, developmental

processes, and regulatory networks certainly reveals tremendous insights in healthy human

tissue and furthers novel insights into physiological imbalance of a diseased state.

In the following, we introduce two model systems, which we studied in detail in this

thesis. First, we briefly discuss mouse embryonic stem cells (mESCs), which are among

the best characterized cell types and have propelled stem cell research to exceptional

opportunities. Second, we review the composition and function of the small intestinal

epithelium, which renews every 4-5 days throughout life and serves as astounding example

in balanced proliferation, differentiation and regenerative abilities.

1.5.1 Mouse embryonic stem cells

Mouse embryonic stem cells (mESCs) are pluripotent cells derived from the epiblast

of a mouse embryo in blastocyst stage E4.5 (i.e. 4.5 days after fertilization of the

oocyte) [Evans and Kaufman, 1981, Martin, 1981] and cultured using various feeding

conditions in vitro [Czechanski et al., 2014, Rathjen et al., 1999, Ying et al., 2008]. In

particular, mESCs have the potential to form all tissues in the mouse given a close control

on the differentiation process [Czechanski et al., 2014]. In contrast to cancer cell lines,

they have a normal karyotype [Evans and Kaufman, 1981]. mESCs serve as model system

to study differentiation and lineage commitment, cellular signaling and reprogramming,

disease modeling, and potential therapeutic applications [Boroviak et al., 2015, Srivas-
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tava and DeWitt, 2016, Wu and Belmonte, 2016, Young, 2011]. In the field of single-cell

transcriptomics, mESCs have become a reference cell type on which single cell RNA-seq

protocol comparisons and technological advances are demonstrated [Grün et al., 2014,

Islam et al., 2014, Klein et al., 2015, Kolodziejczyk et al., 2015b, Semrau et al., 2017,

Vallejos et al., 2017, Ziegenhain et al., 2017].

For example, single-cell RNA-seq enabled to study gene expression profiles and cell cycle

activity in different culture conditions [Kolodziejczyk et al., 2015b]. Further, measuring

several samples of a differentiating mESC culture allows to detect the emergence of new

cell types and a direct access to cell fate decisions in early development [Klein et al.,

2015, Semrau et al., 2017]. In this thesis, we study normalization and batch correction

algorithms for scRNA-seq on the example of mESCs (see Chapter 3).

1.5.2 Lineage specification in the small intestinal epithelium

The intestinal epithelium forms an outer layer to the lumen of both small and large

intestine. Its functions are to absorb nutrients, interact with microbes and orchestrate

immune responses. The daily turnover rate is approx. 1011 cells, which corresponds

to 200 g of cells all being replenished from a small stem cell population. The anatomic

structure of the intestinal layer shows a distinctive adaptation to enlarge the surface that

optimizes nutrient uptake. One of these adaptations is the separation into villi that point

towards the intestinal lumen and crypts of Lieberkühn where intestinal stem cells (ISCs)

reside. During the differentiation process, cells move upwards to the villus while passing a

transit amplifying (TA) zone [van der Flier and Clevers, 2009]. We distinguish six different

cell types originating in the intestinal crypt - enterocytes, Paneth cells, enterendocrine cells

(EECs), goblet cells, tuft cells (or brush cells) and microfold cells (M cells) [Haber et al.,

2017, van der Flier and Clevers, 2009] (see Fig. 1.7).

The most abundant cell type in the intestinal lining is the enterocyte, whose function is

absorption of nutrients as sugars, fatty acids and amino acids, and their transport across

the epithelium. These cells make up the vast majority of the epithelium and form the

absorptive lineage.

The other main cell types belong to the secretory lineage. Goblet cells earned their name

from the goblet-like shape of the cell - its apical part is shaped like a cup and is filled

with secretory vesicles. Their main function is to secrete gel-forming proteins (mucins,

especially Muc2) and trefoil factors (e.g. Tff3) into the lumen, which in turn alleviate

movement of the gut contents.

Tuft cells are chemosensory cells and have been shown to play a role in the response to

parasite infection [Haber et al., 2017, Harris, 2016, Howitt et al., 2016].
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Figure 1.7: Scheme of a small intestinal crypt. Intestinal stem cells (ISCs) reside in the
crypt bottom together with Paneth cells. Other cell types move up towards the villus while
differentiating.

Microfold cells (M cells) cover the surface of lymphoid follicles and direct gut specific

antigens to immune cells [Kucharzik et al., 2006]. They are involved in the development

of chronic intestinal inflammation, as Crohn’s disease and inflammatory bowel disease.

Enteroendocrine cells (EECs) produce a variety of hormones regulating e.g. blood glucose

levels or satiety and make up approx. 1 % of the epithelial cells. The variety of subtypes

in EECs is classically determined by principally secreted hormone [Gribble and Reimann,

2016]. Recently, Haber et al. [2017] have characterized subtypes of EECs based on gene

expression profiling.

Paneth cells reside in the crypt bottom together with the intestinal stem cells. They

produce antimicrobial peptides and enzymes such as defensins and lysozymes. In this

way, Paneth cells protect the intestinal epithelium and, in particular, the crypt region

from harmful bacteria but also shape the commensal gut microbiota. Paneth cells also

secrete Wnt3 and express the Notch ligand Dll4 and thus might regulate stem cell main-

tenance [Sato et al., 2011]. Interestingly, Paneth cells move downward again after differ-

entiation [Bjerknes and Cheng, 1981]. Paneth cells are long-lived (approx. 6− 8 weeks) in

contrast to all other cell types, which have a life-span of 4− 7 days [Bjerknes and Cheng,

1981].

Intestinal stem cells (ISCs) reside in the intestinal crypt. ISCs are characterized by high

expression of canonical Wnt target genes such as Lgr5, Axin2, Olfm4 and Ascl2 [Barker

et al., 2007, Schuijers et al., 2015]. These cells fully replenish the intestinal epithelium.
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The pool of ISCs consists of several subtypes. Most ISCs are described as rapidly cy-

cling [Barker et al., 2007]. Apart from rapidly cycling ISCs, a quiescent Lgr5+ stem cell

resides in ‘+4’ position [Buczacki et al., 2013, Muñoz et al., 2012].

To date, the transition and maturation stages of the known cell types in the gut remain

elusive. We contribute to the debate with an extensive single cell study (see Chapter 4).

1.6 Research questions and thesis overview

The advent of single-cell RNA-sequencing revolutionizes cell biology research and bio-

medicine. In recent years, the availability of single-cell transcriptomics data, the commer-

cialization of experimental platforms, cost reduction and tremendous increase in sample

size make it possible to monitor almost every aspect of cellular development, cell identity

and heterogeneity, and lineage commitment early on. For example, we are gaining insights

to cellular processes in severe diseases such as diabetes and to the molecular changes caused

by obesity at unprecedented scope and resolution. Computational method development is

similarly accelerated by the speed and emerging opportunities of experimental advances.

Especially, this technology demands for fast and accurate analysis of the large-scale and

high-dimensional data.

This thesis addresses the question how to integrate scRNA-seq data in a robust and re-

liable way (see Fig. 1.8). At the same time, data integration has to preserve biological

variability while removing as much technical noise as possible. Addressing these goals is

essential to establish a Human Cell Atlas [Regev et al., 2017]. In particular, such an atlas

relies on reproducible results over several labs and experimental platforms, and compu-

tational methods to establish a common reference from a plethora of datasets. However,

existing test measures to test if data integration was successful are biased or lack sen-

sitivity. In addition, batch effect correction models for data integration have not been

investigated in a systematic analysis. Therefore, we developed an unbiased, robust and

sensitive measure to quantify the performance of data integration models in general and

batch effect correction in particular.

Furthermore, disease modelling requires a detailed understanding of the molecular mech-

anisms in healthy tissues. Here, we discuss lineage commitment and tissue regeneration

in the small intestinal epithelium. These cellular processes are not fully understood and

scRNA-seq is well suited to characterize lineage commitment and the underlying transcrip-

tional changes. Understanding lineage commitment in the gut will help to develop new

treatments for chronic diseases, to understand the changes of the epithelium in obesity
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Figure 1.8: Organisation of this thesis illustrated on the basis of the Scanpy analysis
pipeline. Chapter 2 introduces the important steps of scRNA-seq data analysis. Chapter 3
describes a novel approach to quantify batch effects. Chapter 4 presents evidence for direct
lineage allocation in the small intestinal epithelium based on scRNA-seq data. Figure adopted
with courtesy from Wolf et al. [2018a].

and shed light on the regulatory crosstalk of intestinal epithelium and pancreas. Gaining

insight to such aspects is an important step to understanding the molecular mechanisms

that connect obesity and diabetes. Therefore, we study lineage specification of the small

intestinal epithelium in the mouse model with scRNA-seq.

In Chapter 2 we introduce general methods and approaches to single-cell RNA-seq data

processing and analysis. Computational modelling has not been able to fully exploit the

complexity of gene expression data [Marx, 2013]. Specifically, scRNA-seq analysis models

are confronted with sparse matrices, which are ill-conditioned due to ∼ 10, 000 observed

genes and only up to ∼ 1, 000 cells [Angerer et al., 2017]. In order to standardize scRNA-

seq data analysis for large scale data integration, we also address the advantages and

disadvantages of the methods.

All methods that play a role in the following chapters are discussed in detail. In particular,

we focussed on data normalization and mathematical models for batch effect correction.
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These steps are crucial to reduce cell specific and systematic bias. However, some high-

level analysis do not apply for every data set. Instead, they are applied depending on the

research question and data structure.

In Chapter 3 we aim to establish best practices for the analysis of scRNA-seq data. Briefly,

we describe a new method to detect and quantify batch effects in scRNA-seq data: the k-

nearest neighbor batch effect test (kBET ). We compare its ability to performance against

established measures for batch effects and use it to benchmark the a number of normal-

ization and batch effect correction strategies. Furthermore, we explored the applicability

of kBET to assess inter-individual variations. We established the project in collabora-

tion with the group of Sarah A. Teichmann from the Wellcome Trust Sanger Institute,

Hinxton, United Kingdom. A manuscript was recently published at Nature Methods: M.

Büttner, Z. Miao, F. A. Wolf, S. A. Teichmann, and F. J. Theis. A test metric for

assessing single-cell RNA-seq batch correction.

In Chapter 4 we aimed to understand stem cell lineage differentiation and lineage commit-

ment of the small intestinal epithelium. Here, our experimental partners from the Institute

of Diabetes Research (IDR) have developed a mouse model that expresses a Wnt/planar

cell polarity (PCP) reporter. The reporter specifically labels the enteroendocrine and

Paneth cell lineage. Together with short-term lineage tracing experiments and single-cell

transcriptomic profiling of ∼ 75, 000 single cells, we conduct a robust study on the lineage

hierarchy of the small intestinal epithelium. First, we characterized all major cell types

and their progenitors of the small intestinal epithelium based on transcriptomic profiling.

Moreover, we described a subset of intestinal stem cells being primed towards the Paneth

cell lineage and disproved the existence of a bipotent Paneth-goblet cell progenitor. Sec-

ond, we studied perturbed Wnt/PCP signaling in a heterozygous Celsr1 deficient mouse

strain to understand the role of non-canonical Wnt signaling in the formation of Paneth

cells.

The author of this thesis conducted a complete scRNA-seq data analysis integrating data

from several studies of the same lab. Furthermore, the existing computational models

were adapted to the situation where appropriate. A manuscript is currently in revision:

A. Böttcher, M. Büttner, S. Tritschler, M. Sterr, A. Aliluev, I. Burtscher, S. Sass, M.

Irmler, J. Beckers, C. Ziegenhain, W. Enard, A. C. Schamberger, F. M. Verhamme, O.

Eickelberg, F. J. Theis, and H. Lickert Wnt/planar cell polarity primed intestinal stem

cells directly differentiate into enteroendocrine or Paneth cells.

In Chapter 5 we summarize the results and biological insights that emerged during the

preparation of this dissertation. Furthermore, we shed light on future developments in the
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field and potential extensions of the presented projects and methods.

1.7 List of contributed articles

The author of this dissertation has contributed to the preparation and publication of

several articles. The contributions resulted in the following co-authorships:
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1243 (2016)
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• M. Büttner*, Z. Miao*, F. A. Wolf, S. A. Teichmann, and F. J. Theis. A test metric

for assessing single-cell RNA-seq batch correction. Nature Methods, 16, 43-49 (2019)
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Chapter 2

Methods for single-cell RNA-seq data

analysis

Mathematical science shows

what is. It is the language of

unseen relations between things.

But to use and apply that

language, we must be able fully

to appreciate, to feel, to seize

the unseen, the unconscious.

Ada Lovelace

This thesis focuses on analysis methods for single-cell transcriptomic data. This data com-

prises quantitative reverse transcription polymerase chain reaction (RT-qPCR) and RNA

sequencing (RNA-seq) data. These data types require different handling as qRT-PCR

returns relative mRNA levels and RNA-seq returns total mRNA counts (see Chapter 1).

Hence, RT-qPCR differs from RNA-seq in terms of normalization, but concepts such as

batch effect correction, dimensionality reduction, clustering and pseudotime are applicable

for both data types.

In this chapter, we introduce an analysis workflow and give an overview on common meth-

ods. In particular, we review common normalization and batch effect correction methods,

as we studied their performance to remove batch effects from scRNA-seq data in Chapter 3.

Whenever we employed a method in the subsequent chapters, we elaborate these methods

in detail. There, we start the workflow from a count matrix and neglect the preceding

sequence alignment. The analysis itself divides up into quality control, preprocessing and

high-level analysis (see Fig. 2.1).

Currently, analysis gold standards for scRNA-seq do not exist. Instead, analysis workflows

differ depending on the experimental setup, the single-cell measurement protocol (see

section 1.3), and the cell type composition. Even within these categories analysis workflows

vary as new tools become available. To organize the huge amount of new tools being
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Quality Control

Preprocessing

High level
analysis

Cell filtering
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Figure 2.1: A generic analysis workflow for scRNA-seq. We distinguish three parts,
depicted as leafage, trunk and root of a tree. First, raw data enter quality control steps.
Then, data is further processed by normalization and correction for technical variations such
as batch effects. Cell cycle correction is optional. After the selection of highly variable genes
and dimensionality reduction (for visualization), the processed dataset is ready for high level
analysis. Here, we present clustering, pseudotime and differential gene expression analysis.
These tasks are performed depending on the dataset.

published, Zappia et al. [2018] provided a scRNA-seq tool database, which catalogues new

and existing tools, and records the emergence of new approaches to scRNA-seq analysis.

In fact, different methods lead to different results. In order to ensure reliability and

reproducibility of results, we recommend to test different methods to check the robustness

of a result. For example, the results of a differential gene expression analysis can be

considered robust, if at least two different differential expression tests produce roughly the

same result.

Several analysis platforms exist, which facilitate pipeline construction for scRNA-seq anal-

ysis. For example, scater [McCarthy et al., 2017], provides low-level pre-processing

and visualization capabilities. Further, PAGODA [Fan et al., 2016] and Seurat [Butler
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et al., 2018] cover the whole processing workflow including differential expression tests.

CellRanger [Zheng et al., 2017] is specifically designed for large-scale data from the

droplet-based platform Chromium (10X Genomics) and includes read alignment to the

genome. While PAGODA and Seurat are written in R and are limited in performance,

Scanpy [Wolf et al., 2018a] utilizes Python with a remarkable increase in speed and mem-

ory efficiency. Recently, Lopez et al. [2018] presented scVI, which combines statistical and

deep learning models in a single cell analysis pipeline.

To describe the methods for scRNA-seq data analysis, we use the following notation unless

stated otherwise.

Definition 2.1 (Notation). A scRNA-seq experiment with n cells and g genes ( i.e. fea-

tures) yields a full gene expression dataset D = {x1, . . . , xn}, where xi ∈ Rg ∀i ∈ {1, . . . , n}
is the observation vector for cell i. Further, G denotes the set of genes. Then, X ∈ Rn×g

denotes the corresponding gene expression data matrix. The entries in the data matrix X

are count data Cig for cell i and gene g. Further, µg ∈ R denotes the mean gene expression

for gene g ∈ G.

2.1 Cell filtering

The first step in quality control is to identify and remove low quality cells to reduce bias

from technical sources. In particular, we define cells as ‘low quality’ when they are doublets

(i.e. two cells instead of one), empty wells/droplets, or dying or damaged during cell

isolation. Furthermore, failed reverse transcription or amplification leads to low quality

cells as we expect few total counts from these cells. When RNA-seq is performed on

microwell plates or microfluidics chips, cells can be imaged prior to cell lysis and mRNA

quantification. These images can serve to classify cells into high or low quality. For

example, Ilicic et al. [2016] trained a classifier based on images to identify specific features

in the transcriptome of low quality cells. In some protocols, spike-ins are added to each cell.

A spike-in is a mix of synthetic, polyadenylated RNAs as, for example, designed by the

External RNA Control Consortium (ERCC) that do not map to the reference genome and

that cover different lengths, GC-contents and initial concentrations. These shall provide

a comparable scale for gene expression quantification when UMIs are inapplicable in an

experiment. However, technical variance of ERCC spike-ins can differ from the variation

of biological samples [Risso et al., 2014]. Hence, the standardization of data by spike-ins

does not necessarily always reflect variation in endogenous mRNA content [Vallejos et al.,

2017].
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Current cell filtering methods rely on thresholding to identify empty wells and failed

amplification as well as dying or damaged cells. In particular, the library size defined as

the total number of reads in a cell helps to distinguish low and high quality cells. Only cells

which exceed user determined thresholds for library size and number of expressed genes are

considered ‘high quality’ and kept in the dataset. These thresholds are dependent on the

scRNA-seq protocol and the cell type. For example, Haber et al. [2017] removed all cells

with less than 800 expressed genes (UMIs), while excluding SMARTseq2 sequenced cells

with less than 3, 000 genes. Furthermore, the fraction of reads assigned to mitochondrial

genes and ERCCs help to filter out low quality cells [Ilicic et al., 2016, Islam et al., 2014,

Lun et al., 2016b]. In general, cells with an active metabolism have many mitochondria

and a higher fraction of mRNAs from mitochondrial genes. However, Ilicic et al. [2016]

have connected high fractions of mitochondrial reads to ruptures of the cell membrane and

suggest to remove these cells from further analysis.

Filtering for doublets is a delicate procedure that became relevant with the emergence

of droplet-based methods [Klein et al., 2015, Macosko et al., 2015, Zheng et al., 2017].

There, the doublet rate is proportional to the sample size (i.e. number of cells per droplet-

sequencing run). Sequencing a larger amount of cells in one experimental run requires a

higher cell concentration, which leads to a higher chance to encapsulate several cells in one

droplet [Macosko et al., 2015]. Kang et al. [2018] used the molecular phenotype variations

across individuals to assign reads to the correct person with demuxlet and determined

the doublet proportion to 1 % per 1, 000 cells. It must be noted, that demuxlet cannot

detect doublets from the same individual and performs better if the number of individuals

per experimental run is higher. A doublet rate of 1 − 5 % is a desirable trade-off for

high-throughput methods [Ziegenhain et al., 2017]. Still, doublets may result in spurious,

apparently novel cell-types, especially when we study rare cell types. Only thorough

analysis can discriminate doublets from real results. For example, Haber et al. [2017]

assumed that any relevant subset should consist of at least 50 cells and adapted the number

of sequenced cells per experimental run using a negative binomial model. If we do not aim

to mix several species samples or have a phenotype available, tools like scrublet [Wolock

et al., 2018] simulate doublets based on a given dataset and estimate a doublet score.

However, scrublet is only able to detect about 50 % of the doublets and it might mistake

cells with diverse gene expression (e.g. differentiating cells) as doublets.
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2.2 Gene filtering

Filtering genes for quality control removes unexpressed and low-abundance genes. Low-

abundance genes are dominated by noise and dropout events [Brennecke et al., 2013]

and do not contain enough information for robust statistical inference [Bourgon et al.,

2010]. Therefore, we reduce computational effort and memory use with little loss of

information. We distinguish between mean-based filtering [Lun et al., 2016b] and count-

based thresholding (e.g. Klein et al. [2015]). Mean-based filtering expects lowly-expressed

genes to be uninformative and therefore removes them. The disadvantage of the approach

that it may complicate the detection of rare cell type when applied to complex datasets.

For example, let us assume that a cell type with 1 % abundance and a gene is exclusively

expressed in this population with mean µ1 and in the rest with µ2 = 0. Then, the overall

expression is µ = 0.01 · µ1 + 0.99 · µ2 = 0.01 · µ1. Thus, given a mean threshold of 1, µ1

has to be higher than 100 in order to be included for further analysis.

In comparison, a count-based approach is morel liberal as it keeps a gene as soon as it was

detected with a user threshold of reads. For example, Klein et al. [2015] kept all genes with

at least 5 UMI-counts in at least one cell. Especially when performing differential gene

expression tests (see section 2.10) in complex datasets with potentially rare cell types, a

count-based thresholding is agnostic to the cell type abundance. The disadvantage is that

we keep a lot of genes, which are dominated by noise.

Another important aspect is potential contamination in the sequencing of single cells.

Especially in droplet-based sequencing protocols, where cells are encapsulated in nanoliter

droplets, contamination by ambient mRNA is quite common [Macosko et al., 2015, Zheng

et al., 2017]. The term ‘ambient mRNA’ describes a background contamination from cells

which burst prior to library construction, thereby distributing their mRNAs in the cell

suspension. To date, the issue of ambient RNA is recognized, but generally ignored in

the analysis of scRNA-seq data [Young and Behjati, 2018]. Recently, Young and Behjati

[2018] presented a method for droplet-based protocols, where they estimate the background

noise from empty droplets and subtract it from the expression level in every single cell.

Angelidis et al. [2018] presented a similar approach to filter ambient mRNAs for creating

a lung cell atlas.

2.3 Normalization

Data normalization in single-cell RNA-seq aims to reduce cell- and gene-specific biases

from the data in order to increase comparability and to regularize the data. For example,
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Paneth cells in the small intestine produce high amounts of defensins [Haber et al., 2017]

and before normalization the corresponding transcriptome is dominated by reads from

defensins. An appropriate normalization reduces the influence of these highly expressed

genes in favor for medium and lowly expressed genes.

In general, a suitable data normalization has to meet the characteristics of the experimen-

tal single-cell RNA-seq setup (see section 1.3). One aspect is the so-called gene coverage.

Either, an experimental protocol provides reads from the complete gene body or solely

from the last exon. When the reads cover the complete gene body, normalization has to

account for the length of the gene as longer genes have more reads. Similarly, scRNA-seq

protocols that cover only the last exon are less influenced by gene length.

Another aspect concerns the library size and the number of expressed genes. These terms

are closely connected. The library size is defined as the total read count of a cell. Es-

pecially in UMI-based protocols, the number of expressed genes increases with increasing

library size. Most scRNA-seq protocols have a sensitivity around 10 % and do not detect

all expressed genes in a cell, otherwise the number of expressed genes would converge.

Thus, increasing the sensitivity of the protocol increases both the library size and the

number of expressed genes. However, the sensitivity also varies within an experiment

from cell to cell (see Fig. 1.5) and should be accounted for by normalization.

Here, we provide an overview of commonly used normalization approaches. Most methods

determine a cell-wise scaling factor, so-called global scaling, such as CPM, RPKM and

TPM. In addition, methods like RLE, MRN and TMM consider gene expression across all

cells to determine a cell-wise scaling. Thus, the global scaling factor also reflects the gene

expression level in the complete sample. Single-cell specific normalization methods take

into account dropout events, or changes of the noise level caused by higher sequencing

depth. In the following, we present the aforementioned methods in detail and discuss ad-

vantages and disadvantages. In Chapter 3, we evaluate these methods on several datasets.

CPM

Normalizing by counts per million (CPM) is a method to correct for library size effects by

global scaling. Here, the total number of reads per cell j, Nj , is used to scale the reads

for every gene Cig as follows:

Rig = 106 · Cig
Ni

. (2.1)

The advantage of the size factor in eq. 2.1 is that we obtain relative proportions for

each gene. However, there are several disadvantages. First, Wagner et al. [2012] have

shown that the library size Ni does not reflect the number of mRNA copies of a single

cell. Second, highly expressed genes, which dominate the transcriptome, will be scaled the
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same as lowly expressed genes. Third, differences in library size may be caused by relevant

factors that we should preserve. For example, Finak et al. [2015] have shown that library

sizes correlate with biological effects such as the number of expressed genes. Further, Lun

et al. [2016a] have demonstrated the influence of cell type specific properties on library

size. Last, library sizes may be biased by a considerable number of differentially expressed

genes [Anders and Huber, 2010].

However, CPM is a frequently used normalization method. Usually, CPM-normalized

count data are log-transformed to reduce the influence of highly expressed genes, and to

create approximately Normally distributed data.

RPKM

Every gene is unique in the number of exons and introns, and the gene length. The

gene length varies due to the size of the encoded protein, and ranges from 500 bp to

2 · 106 bp [Grishkevich and Yanai, 2014].

In RNA-seq, we map reads to the full length of the gene body in mRNA quantification

in the sequencing step. This implies that longer genes have more reads. Furthermore,

reads are not unique because of the preceding amplification step as the library becomes

automatically larger with more PCR cycles. There, biases are accounted for by a global

scaling factor called reads per kilobase per million reads (RKPM). RPKM is calculated by

Rig = 109 · Cig
Ni · Lg

.

Here Cig is the number of mappable reads for a gene g in cell i, Ni denotes the library

size of the cell i, and L is the length of the mappable regions in a gene g, counted in base

pairs of the exon [Mortazavi et al., 2008].

RPKM normalization was developed specifically for bulk RNA-seq samples with high

amounts of input RNA and little dropout. However, in single-cell RNA-seq, we observe

low amounts of input RNA and technical zeros due to low sensitivity. Moreover, the

mapping coverage of the gene body is shifted towards the 3’ end. Thus, there is no

uniform coverage of the full gene body. In addition, as stated for CPM, the library size

does not reflect the number of mRNA copies of a single cell. Hence, RPKM represents a

different relative mRNA level for every cell, which renders the approach inappropriate for

scRNA-seq.
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TPM

In order to overcome the inconsistencies of RPKM, Li et al. [2009], Wagner et al. [2012]

proposed transcripts per million (TPM) values. TPM is computed as

Rig = 106 · Cig · Lr
Ñi · Lg

,

where Cig is the number of mappable reads for a gene g and cell i, Lr denotes the average

read length, Lg is the length of the mappable regions in a gene g, and Ñi is the sum of

length-normalized reads over all genes g ∈ G in cell i, i.e. Ñi =
∑

g∈G
Cig ·Lr
Lg

.

Wagner et al. [2012] have demonstrated that TPM reflects relative molar concentrations

of mRNA molecules more consistently than RPKM. However, the mapping coverage of a

gene is neglected the same as in RPKM. To take into account the mapping bias, Patro

et al. [2017] developed a probabilistic transcript quantification model and implemented

it in the read alignment tool Salmon. In particular, they infer an effective gene length,

which averages out the mapping bias. Furthermore, the model uses prior information such

as the empirical fragment length distribution of the pseudoalignment model implemented

in kallisto [Bray et al., 2016]. Similarly to CPM, TPM is often used for normalization,

especially for SMARTseq data.

RLE and MRN

Anders and Huber [2010] introduced relative log-expression (RLE) and median-ratio nor-

malization (MRN) representing global scaling factor normalizations. Both approaches are

implemented in the DESeq package [Anders and Huber, 2010]. In contrast to the global

scaling methods above, these methods use information across all cells. In particular, these

methods assume that the expected gene expression level of two cells i and j reflects the

difference in sequencing depths. The assumption is valid for all genes g that are not dif-

ferentially expressed between the two cells. In order to apply the idea to several cells and

genes, the authors compute a cell-specific size factor si over all genes g ∈ G:

si = mediang∈G
Cig

(
∏n
i=1Cig)

1/n
. (2.2)

There, Cig denotes the counts per gene g in cell i and the denominator denotes the geo-

metric mean for gene g over all cells n. In RLE, the size factor si is additionally divided

by library size before being used to correct count data. The RLE method is implemented

in the scater package [McCarthy et al., 2017]. In MRN, the count data of cell i are nor-

malized by dividing by the size factor si.
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The geometric mean in eq. 2.2 can be considered as a pseudo-reference. Hence, the size

factor si considers information across all cells. Taking the median over all genes ensures

that the size factor is more robust to biases such as differentially expressed genes. For

example, if less than 50 % of the genes are balanced up- and down-regulated, the median

is unaffected from the gene expression shift. However, the geometric mean is 0 if Cig = 0

for any i ∈ {1, . . . , n}, which is often the case in scRNA-seq. Lun et al. [2016a] have shown

that size factors were not designed for datasets with many zeros.

TMM

The global scaling approach of trimmed mean of M-values (TMM) was originally designed

to compare expression levels across bulk RNA-seq samples with a particular focus on

differential gene expression analysis [Robinson and Oshlack, 2010]. A trimmed mean is a

mean, which is computed on a subset of the data, where the upper and lower p-percentile

is removed (p = 30 in Robinson and Oshlack [2010]). In this approach, the samples are

considered largely homogeneous. In fact, 40 − 70 % of the genes are assumed to be not-

differentially expressed.

To make gene expression comparable, one cell is selected as reference cell r. Then, all

other cells are scaled to the reference using M values, i.e. library-size adjusted expression

ratios with respect to the reference cell. Let Nr and Ni be the library size for reference

cell r and cell i. Further, Crg and Cig denote the counts for a gene g in reference cell r

and cell i. Then, the log-fold changes M r
ig are given by

M r
ig =

log2

(
Cig
Ni

)
log2

(
Crg
Nr

) .
Here, Crg and Cig have to be non-zero. Then, a set of M r

ig-values for all cells i is computed

and too extreme M r
ig-values are trimmed away. Thus, let G∗ represent the set of genes

with valid M r
ig-values. Next, the authors define weights wrig for a cell i and gene g:

wrig =
Ni − Cig
Ni · Cig

+
Nr − Crg
Nr · Crg

.

The weights are small for highly expressed genes and large for lowly expressed genes.

Thus, the weights reduce the influence of highly-expressed genes.

Finally, TMM values of gene g for a cell i given reference r is the weighted mean of

M r
ig-values:

log2

(
TMMr

ig

)
=

∑
g∈G∗ w

r
igM

r
ig∑

g∈G∗ w
r
ig

. (2.3)
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The resulting factor in eq. 2.3 is then applied as cell-specific scaling factor. It must be

noted, that the TMM values are similar to the size factors in eq. 2.2.

As stated above, a valid M -value requires non-zero count data. This limits its use for

scRNA-seq data. Intuitively, one may remove all zero counts from the data or add a

pseudo-count. However, this introduces a considerable bias to the data.

Pooling across cells and deconvolution of size factors

The pooling approach described by Lun et al. [2016a] is one of the first single-cell specific

normalization approaches. It accounts for the sparsity of single-cell data by summing gene

expression counts across a pool of cells. Pool-specific size factors can be deconvolved into

cell-specific size factors by using different pools of cells. The main assumption here is that

the majority of genes of the pooled cells are non-differentially expressed in the dataset.

Clustering the cells by their expression profile helps to weaken this assumption as the

pooling and deconvolution steps are applied cluster-wise. The method is implemented in

the scran package.

In particular, the deconvolution method creates a system of linear equations from pools

of cells with similar library size, such that the number of linear equations is equal to the

number of cells. First, the cells are ranked by library size, then split into odd and even

ranks, and arranged on a ring. Thus, the cells with odd rank and smallest library size

lie next to cells with even rank and small library size. The same holds for cells with the

largest library size. The pools are defined by a sliding window approach on the ring. An

additional set of equations relates the size factor estimate against the pseudo-cell reference,

which is computed as the summed gene expression counts of all cells.

The pooling approach reduces cell-specific biases from dropout events and differential gene

expression. This is an advantage over the classical size factor approaches such as RLE,

MRN and TMM.

Other normalization methods

We close this section with a brief overview on other approaches to normalization.

Several methods based on non-parametric statistics have been proposed. For exam-

ple, Bullard et al. [2010] suggested an upper quartile normalization (UQN), where they

normalize the gene expression distribution to a reference distribution and round all values

to integers. Recently, Cole et al. [2018] presented the scRNA-seq pipeline scone, which

allows to compare several normalization approaches. Among others, they compare TMM,

MRN and full-quantile normalization. Full-quantile normalization scales the gene expres-

sion distribution to a reference distribution. It must be noted that quantile normalization



2.4. BATCH EFFECT CORRECTION 31

is a gene-specific scaling, in contrast to cell-specific global scaling.

With increasing availability of single-cell RNA-seq data, we are able to study the proper-

ties of the data type in more detail. Bacher et al. [2017] demonstrated that sequencing

depth increases the gene count for highly and medium expressed genes, but not for lowly

expressed genes (shown for full-length single-cell RNA-seq without UMIs). Consequently,

a global scaling factor introduces a bias for either lowly or highly expressed genes. Their

method called SCnorm evaluates the so-called count-depth relationship for several groups

of genes based on the expression level and computes an appropriate scaling factor for each

group. While this model is not suited for batch effect correction, between-sample effects

can be accounted for. The major disadvantage of the model is its computational cost

rendering it unsuitable for datasets with more than 1000 cells.

We have already mentioned that gene expression is cell-type specific and varies largely

across tissues. To account for cell-specific gene expression, Paulson et al. [2017] developed

a method called quantile shrinkage normalization (qsmooth). Here, the authors identify

genes with tissue-independent expression level, which they call housekeeping genes1. This

invariant gene set is then used as reference for a quantile normalization for all genes. How-

ever, the method is only applicable for data from several tissues.

In addition to scaling approaches, regression models can account for several covariates,

such as experimental design, GC-content, gene length, and sequencing depth. For exam-

ple, Hansen et al. [2012] used a Poisson mixture to model gene expression, and systematic

biases such as gene length and GC-content. This method is called conditional quantile

normalization (CQN). Of note, regression models are also frequently used to model tech-

nical effects such as batch effects. However, we discuss the removal of systematic bias in

the following section.

2.4 Batch effect correction

Batch effect detection is an important part of quality control for single-cell RNA-seq

data. A batch effect is any variation caused by technical effects arising when samples are

handled in distinct batches (see section 1.3 for details). Accurate handling of batch effects

has important implications on downstream data analysis due to their property to mask

the true biological variability and their adverse effects on reproducibility.

In the following, we describe commonly used methods for batch effect correction whose

performance study is evaluated in Chapter 3. In particular, we distinguish linear models

1Housekeeping genes are constantly expressed genes, which are present in all cells. These genes are required
to maintain a cell’s metabolism, for example. In scRNA-seq, these genes show the same noise level as
non-housekeeping genes.
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such as limma and ComBat, factor analysis models such as PEER, f-scLVM, RUV, and

CCA, and non-linear models such as MNN.

limma

The name limma is an acronym for ‘Linear Models for Microarray Data’ - the anal-

ysis framework limma was developed to study microarrays, protein arrays, and other

data [Ritchie et al., 2015]. Thus, limma provides data pre-processing, batch correction,

linear modelling, and differential expression tests. We discuss limma’s differential expres-

sion test in section 2.10. In order to correct for batch effects with the removeBatchEffect

function, limma uses a linear regression model for Cijg the gene expression for gene g for

sample j from batch i:

Cijg = αg +Xβg + εijg

where αg denotes the overall gene expression, X is a design matrix2 with corresponding

regression coefficients βg, and εijg ∼ N (0, σ2
g) is an expression noise term. The design

matrix X contains all values of explanatory variables. For example, it contains an indicator

variable to describe, which cell belongs to which batch. A corrected gene expression value

C∗ijg reads

C∗ijg = Cijg −Xbβ̂g,

where Xb is the model matrix part for the batch covariate and β̂g is the parameter estimate

for βg. This is the simplest approach to correct for batch effects and as mentioned in the

previous section, it is not robust for small sample sizes.

ComBat

The empirical Bayesian (EB) method implemented in ComBat was originally designed for

microarray data [Johnson et al., 2007, Leek et al., 2012]. The model basis is an adjustment

of location L (mean) and scale S (variance) between the batches, i.e. we assume that the

difference between batches can be corrected by scaling both mean and variance. Simple

L/S methods are not robust to outliers in small sample sizes and hence require large batch

sizes.

The advantage of ComBat is the preservation of the original first and second order moments

of the data. The batch correction runs on standardized data, i.e. we assume that the gene

expression is Normally distributed for each gene. Implicitly, ComBat assumes that all

batches are (exact) replicates and thus, the cell type composition is similar in all batches.

In Chapter 4, our data violate this assumption as certain cell types are enriched in a few

2The design matrix is also known as model matrix.
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samples and we implemented a modified version of ComBat to address the issue. Thus,

we introduce the model in detail.

If Cijg is the gene expression for gene g for sample j from batch i, then, the L/S model is

Cijg = αg +Xβg + γig + δigεijg.

Here, αg denotes a gene-specific expression offset, X is a design matrix with correspond-

ing regression coefficients βg, γig and δig denote additive and multiplicative batch effects,

respectively, and εijg ∼ N (0, σ2
g) is the error term with variance σ2

g . The additive batch

effect term γig models a systematic shift in the offset of gene expression. The multiplica-

tive batch effect term δig models a systematic increase or decrease of the variance across

batches. We aim to compute batch-corrected data C∗ijg using the equation:

C∗ijg = α̂g +Xβ̂g +
1

δ̂ig

(
Cijg − α̂g −Xβ̂g − γ̂ig

)
, (2.4)

where α̂g, β̂g, γ̂ig, δ̂ig are estimated parameters based on the model. Here, the EB method

uses a parametric empirical prior to estimate batch effect parameters. In particular, EB

methods perform a shared variance estimation across all genes and cells based on a prior

distribution of variances.

in the first step, the authors standardize the data matrix X. For this purpose, they

determine the empirical parameter values α̂g, β̂g, γ̂ig and σ̂ig in eq. 2.4. Here, the authors

introduce the following constraints for identifiability:∑
i

niγ̂ig = 0

σ̂2
g =

1

n

∑
ij

(
Cijg − α̂g −Xβ̂g − γ̂ig

)2
,

where ni is the number of cells per batch and n is the total number of cells. Of note,

the multiplicative batch effect term δ̂ig was not estimated. The expression matrix is

standardized gene-wise to similar overall mean and variance:

Zijg =
Cijg − α̂g −Xβ̂g

σ̂g
.

The standardized data Z should be normally distributed with mean γ′ig and variance δ2
ig.

In the next step, the authors employ the EB method to estimate mean γ′ig and variance

δ2
ig of the standardized data Z. As prior distributions for the batch effect parameters, the
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authors chose two conjugate priors for the normal distribution:

γ′ig ∼ N
(
γi, τ

2
i

)
and δ2

ig ∼ Inverse Gamma (λi, θi) ,

with hyperparameters γi, τ
2
i , λi, θi. The hyperparameters are estimated separately for

each batch i borrowing information across all genes. In ComBat, the authors use the

empirical mean and variance estimates.

Then, conditional posterior means for γ′ig and δ2
ig are given by

γ∗ig =
niτ̄

2
i γ̂ig + δ2∗

ig γ̄i

niτ̄2
i + δ2∗

ig

and δ2∗
ig =

θ̄i + 1
2

∑
j

(
Zijg − γ∗ig

)2

nj
2 + λ̄i − 1

.

Finally, the adjusted batch effect parameter estimates are used to compute batch-corrected

data c∗ijg similarly to eq. 2.4,

c∗ijg = α̂g +Xβ̂g +
σ̂g

δ̂∗ig

(
Zijg − γ̂∗ig

)
.

A detailed description of the parameter estimation procedure can be found in the supple-

mentary material of Johnson et al. [2007].

scLVM

The single-cell latent variable model (scLVM) [Buettner et al., 2015] is a random mixed-

effect model, i.e. it combines fixed effects with random effects. Let C ∈ Rn×g an expression

matrix with n cells and g genes. Then, the fixed effect model of the gene expression vector

Cg is

Cg = Xβg + Zγg + εg.

Here, X,Z ∈ Rn×g denote design matrices for the fixed and random effects, respectively.

A fixed effect is modeled as presented above in the linear regression case as parameter

estimate, such as the covariate βg. A random effect is modeled as a distribution parameter,

i.e. its effect on the data follows a distribution in each data point. In scLVM, γ ∼
N (0, ZZT ), where Z is a so-called hidden factor estimated from the data, and ZZT is the

covariance matrix of the random effect vector γ. The model was originally designed to

account for cell cycle effects in scRNA-seq data.

We have used scLVM to correct for batch effects in Haghverdi et al. [2016], where we

modeled the batch effect as random effect. However, scLVM scales with O(n2) with the

number of cells n and is therefore computationally inefficient to use for large datasets.
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PEER

The basis for probabilistic estimation of expression residuals (PEER) is a factor analysis

model [Stegle et al., 2010, 2012]. Originally, its purpose was to detect hidden confounding

factors that interfere with expression quantitative trait loci (eQTL) studies. In contrast to

known factors, a hidden factor is an unobserved factor, such as the cell culture conditions.

These effects introduce a systematic shift in the data, that is different from the noise term.

Noise terms usually follow the Normal distribution. If a dataset contains a hidden factor,

which is not accounted for, a linear regression model estimates residuals, which do not

follow the Normal distribution. In this case, the model has to be adapted to account for the

unknown factor. Batch effects are also modeled as unknown factors in PEER. Stegle et al.

[2010] have shown that accounting for hidden factors increases the increases the power of

those eQTL studies. In contrast to the previously introduced linear models, PEER does

not depend on a design matrix and an explicit batch covariate. Instead, experimental

confounders can be included in the model.

Initially, the gene expression matrix X ∈ Rn×g with n cells and g genes is modeled using

a general additive model with known and unknown sources of variation:

X = X(1)(T ) + X(2)(F ) + X(3)(U) + ε.

The model includes additive contributions {X(.)} based on the transcriptional state T ,

known factors F and hidden factors U , plus a noise term ε. The gene expression cig

for each gene g and cell i is modeled using a joint Bayesian model. In particular, gene

expression follows a Normal distribution with mean Cig given the known and hidden factor

contributions:

P
(
Cig|C(1)

ig , C
(2)
ig , C

(3)
ig , τg

)
= N

(
Cig|C(1)

ig + C
(2)
ig + C

(3)
ig ,

1

τg

)
,

where τg is the precision of Gaussian noise with a Gamma-distributed prior

P (τg) = Γ (τg|aτ , bτ ) .

Furthermore, the model contributions per gene C
(.)
ig are modeled as random variables. A

detailed description of the model contributions and parameter inference are given in Stegle

et al. [2010].
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f-scLVM

The factorial single-cell latent variable model (f-scLVM) follows a similar modelling scheme

as PEER [Buettner et al., 2017]. If X ∈ Rn×g is a gene expression matrix, the contributing

factors X(.) are pre-annotated factors as gene sets for cell-cycle or tumor suppressor reg-

ulation, unannotated factors, and noise. Unannotated factors can be both sparse factors

(e.g. gene sets) and dense factors (i.e. likely confounding factors). In contrast to PEER,

batch effects can be included in the model as a known factor and regressed out in the

process of model fitting.

As advancement of PEER f-scLVM includes an explicit model for dropout and thus rep-

resents a single-cell RNA-seq specific modelling approach. Details on the model and

parameter inference can be found in Buettner et al. [2017].

It must be noted that f-scLVM and scLVM share a similar name, but are conceptually

different — f-scLVM is based on factor analysis and scLVM is a random fixed effect model.

RUV

A central problem in batch effect removal is overcorrection, i.e. unintentionally removing

biological signal. A possible solution for this problem is to use non-differentially expressed

genes for factor analysis, as suggested by the authors of Remove Unwanted Variation,

2-step (RUV-2) [Gagnon-Bartsch and Speed, 2012]. [Risso et al., 2014] extended the RUV

model of Gagnon-Bartsch and Speed [2012] to discrete RNA-seq data.

Let X ∈ Rn×g be the observed gene expression matrix for g genes and n cells. Then,

log(X) = Xβ +Wα+O + ε (2.5)

is a linear decomposition of the observed gene expression matrix into factors of interest X,

unobserved covariates W and an offset O with parameters α and β. The aim is to estimate

β while W is unobserved. In order to ensure identifiability of β, Gagnon-Bartsch and

Speed [2012] and Risso et al. [2014] proposed several model constraints for the unobserved

covariates W . The first idea for RUVg was introduced by Gagnon-Bartsch and Speed

[2012]. Here, the estimation of W is restricted to control genes gc, where βgc = 0 holds,

i.e. these genes are invariant for the factors of interest X, such as control and disease

conditions. In this case, eq. 2.5 simplifies to

log(Zgc) = log(Xgc)−Ogc = Wgcαgc + ε, (2.6)

which represents a simple factor analysis model and can be solved, e.g. by singular value

decomposition (SVD).
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The second approach is implemented in RUVr. Here, residuals are computed from the

count matrix X by regressing out the covariate of interest X. Then, W is estimated on

the residual matrix. The third approach RUVs uses replicates or negative control samples

for which the factors of interest X are constant. A detailed description of the method and

parameter inference can be found in Gagnon-Bartsch and Speed [2012] and Risso et al.

[2014].

CCA and dynamic time warping

Canonical correlation analysis (CCA) is a linear latent variable model. It is used to

extract interesting features from high-dimensional datasets or serves for dimensionality

reduction [Murphy, 2012]. Conceptually, the basis vectors of CCA represent a projection

that maximizes correlation between two datasets. In the context of single-cell RNA-

seq, Butler et al. [2018] adopted CCA for batch effect correction. In particular, the authors

identified the shared correlation structure between two datasets, which is the biological

structure of interest. In order to correct for batch effects, the shared correlation structure

is aligned using dynamic time warping. Furthermore, this method adjusts for differences

in cell density between datasets.

MNN

Matching mutual nearest neighbors (MNN) defines a graph-based approach that is inde-

pendent of cell type composition across batches [Haghverdi et al., 2018]. The method first

detects pairs of nearest neighbors for different batches. Then, a batch-correction vector is

computed to map batches onto the reference batch. Specifically, the projection vector is

derived from the distance of the mutual nearest neighbors. Furthermore, the projection

vectors are combined by a weighted average to obtain a single projection vector per batch.

This projection ansatz requires that the batch effect is approximately orthogonal to the

biological effect. In other words, we compute the first N principal components (see sec-

tion 2.7) of the dataset and the principal components correlate either with the batch effect

or with the biological signal. Given the high dimensionality of scRNA-seq data and the low

intrinsic dimension of the data manifold, this assumption is likely fulfilled. Furthermore,

MNN relies on the biological variation between cell types being larger than the variation

caused by the batch effect. In general, this is a reasonable assumption, which assumes

reproducibility of experimental results. A detailed description of the MNN algorithm is

given in the supplement of Haghverdi et al. [2018].

It must be noted that MNN uses the cosine similarity to normalize data prior to batch

correction. Hence, MNN does not work with an arbitrary data normalization (see sec-
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tion 2.3). MNN also maps cells without mutual nearest neighbors to the reference plane,

but separate from the matching pairs. Hence, when a batch contains a certain cell type

that is absent in another batch, these cells appear in the embedding with a reasonable

distance to the other cells.

Other methods

We close the section of batch effect correction by briefly mentioning a few more methods,

which we do not evaluate in Chapter 3. For example, Chen and Zhou [2017] developed

the single cell partial least squares (scPLS) model. This model uses partial least squares

regression classify genes into invariant or influenced for the factor of interest. Thus, it is

similar to the factor analysis models presented above.

Risso et al. [2018] created an extension of RUV called ZINB-WaVE, i.e. zero-inflated

negative Binomial-based Wanted Variation Extraction. The authors account for scRNA-

seq specific characteristics as dropout events, and overdispersion by using a zero-inflated

negative Binomial model of the data.

Recently, Korsunsky et al. [2018] developed Harmony, an iterative algorithm that projects

cells from distinct batches or studies into a shared embedding space and simultaneously

corrects for various confounding factors.

Last, Eraslan et al. [2019] presented the Deep Count Autoencoder (DCA). Originally, this

is a neural network approach to denoise scRNA-seq data, i.e. to reduce dropout events.

In addition, this model can be used to reduce technical variation, such as batch effects.

2.5 Correcting for cell cycle effects

The cell cycle describes an extensive cellular process that controls cell growth, DNA strand

duplication, and division of a cell (see section 1.1 for details). Thus, a proliferating cell

differs from a quiescent cell in its gene expression profile. These differences may lead to a

bias in the scRNA-seq analysis, if, for example, a differentiation process overlaps with the

cell cycle [Buettner et al., 2015, Lönnberg et al., 2017]. Thus, it is prudent to determine

the cell cycle state of the cells.

Buettner et al. [2015] used gene annotations from Cyclebase and Gene Ontology to de-

termine the variance explained from cell cycle genes. This work is one of the earliest

methods to correct for cell cycle effects in single-cell RNA-seq data is the single-cell latent

variable model (scLVM). In principle, this model subtracts the variance imposed by cell

cycle genes [Buettner et al., 2015]. Moreover, the actual cell cycle state is not inferred.

However, the model does not scale well with the number of cells. A successor, the factor
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analysis single-cell latent variable model (f-scLVM ) provides a scalable approach to ac-

count for cell cycle effects [Buettner et al., 2017] (see section 2.4 for details).

In contrast, gene set scoring determines the cell cycle state based on the respective gene

sets for S and G2/M phase. Whitfield et al. [2002] have experimentally characterized these

gene sets from human HeLa cells, and they have subsequently been used in both the hu-

man and mouse contexts for scRNA-seq [Macosko et al., 2015, Satija et al., 2015, Tirosh

et al., 2016]. Here, we present two different approaches to determine the cell cycle state.

Satija et al. [2015] presented a scoring algorithm, that compares the mean expression level

of the given gene set with a random gene set. The score is the difference of these to groups.

In this way, the score for S phase and G2/M phase are determined. A cell is assigned to

the phase with the highest score. If both scores are negative, the cell is assigned to the G1

phase. Hence, Satija et al. [2015]’s approach relies heavily on the accuracy of these gene

sets.

Scialdone et al. [2015] presented a different scoring approach with the tools sandbag and

cyclone. It uses pre-defined gene sets to compute gene pairs as markers for the respective

phase. Then, these marker pairs are used to predict the cell cycle state.

The cell cycle is only one type of biological variation that can be assessed from scRNA-seq

data. Other types of biological variation are aging, inter-individual variability or gender

effects. In contrast to technical variation such as batch effects, we do not necessarily have

to correct for it. In addition, we already presented models such as PEER and RUV as

batch correction models, but they are also designed to correct for biological sources of

variation.

2.6 Identification of highly variable genes

The quantification of gene expression levels in a single cell creates both opportunities and

pitfalls. While we are able to look up the expression level of over 20, 000 genes, we face the

challenge of determining cell-type specific gene signatures, decision makers, and drivers of

disease. Here, informative is translated into highly variable, i.e. the variance of a gene

is above the intrinsic noise level due to stochastic gene expression. An appropriate selec-

tion of highly variable genes fully reflects the biological data manifold and reduces noise

while an inappropriate selection may cloak cell types. For example, Cacchiarelli et al.

[2018] inferred pseudotime and branching events of reprogrammed cells. Depending on

the choice of highly variable genes, they uncovered a branching of partially reprogrammed

und unreprogrammed cells, or they did not. This example illustrates how the selection of

highly variable genes affects the downstream analysis.
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Here, we review several models that identify highly variable genes. Variability in gene ex-

pression is closely connected to the intrinsic noise level of the data, i.e. the gene variability

has to be above the noise level. In general, we focus on highly variable genes because they

are considered to be more informative of the heterogeneity in the data, and to increase

computational efficiency of downstream analysis methods.

One of the first noise models for single-cell RNA-seq was the Anders model [Brennecke

et al., 2013]. The Anders model was developed to estimate noise based on the magnitude

of expression of technical RNAs (for example ERCCs) in non-UMI based scRNA-seq pro-

tocols (e.g. SMARTseq). Briefly, during the amplification step in scRNA-seq, all reads

are multiplied, but the noise level increases at the same time (see section 1.3 for details).

In general, the coefficient of variation (CV 2) decreases with increasing mean expression

level µ. Brennecke et al. [2013] modeled this relation with a Gamma regression model:

CV2 ∼ α1

µ
+ α0,

where α1 is the slope parameter and α0 denotes the offset, i.e. the noise level converges

to a lower limit with increasing expression. Both parameters are estimated with a least

squares fit. Genes with a higher CV 2 than expected by the model fit are considered ‘highly

variable’. This implies that the variability is caused by biological variation rather than

technical noise. It must be noted that the model assumes that most genes are not differen-

tially expressed. Thus, the model works well for technical genes such as ERCC spike-ins.

However, if we use the model for the data itself, we may observe a bias from differentially

expressed genes. This bias is particularly pronounced, when studying heterogeneous data.

With the invention of unique molecular identifiers (UMIs) [Islam et al., 2014], it became

possible to remove a substantial level of noise from read amplification. UMIs specifically

tag reads from the same mRNA molecule. Hence, UMIs allows us to distinguish copies of

the same transcript from copies of the amplification. In this case, we may apply a Poisson

noise model as demonstrated in Klein et al. [2015]. There the authors considered a gene

highly variable, if it was above the Poisson model fit plus 10 % uncertainty

CV2 ∼ α · µ.

In this model, the coefficient of variation CV 2 and mean expression level µ are negatively

correlated (on the log-scale, i.e. α < 0).

The third approach to identify highly variable genes uses the dispersion δ instead of the

CV 2 [Macosko et al., 2015]. This method is implemented in CellRanger [Zheng et al.,

2017] and adapted to Python in Scanpy [Wolf et al., 2018a]. It must be noted that this

model uses a log-normalized data matrix to compute mean and variance.
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For any random variable X, dispersion δ and coefficient of variation CV 2 are closely

related:

CV 2(X) =
Var2(X)

µ(X)
= Var(X) · δ(X).

In this approach, the genes are distributed based on their mean expression into a set of

l equally sized bins. For each bin i, the mean expression µbin,i is calculated and the top

2,000 genes with highest normalized dispersion δnorm are selected. Here, δnorm reads

δnorm =
δ −mediani∈{1,...,l} (µbin,i)

madi∈{1,...,l} (µbin,i)
,

where mad denotes the median absolute deviation. Grouping the genes by mean value

averages out biases from outliers and thus increases robustness of the normalized disper-

sion. Furthermore, selecting highly variable genes based on dispersion does not rely on

parametric noise model assumptions as the models presented before. In the data analysis

presented in Chapter 4, we select highly variable genes based on the third approach.

2.7 Dimensionality reduction

The motivation for dimensionality reduction is to project the data to a low-dimensional

space, which preserves all essential properties of the data. Here, we assume that several

features are correlated such that the data manifold has a lower dimension. Therefore,

dimensionality reduction aims to recover essential latent factors from the data, which

sufficiently describe the data [Murphy, 2012]. This is a classical machine learning task

and has been applied successfully in various fields such as face recognition. Furthermore,

dimensionality reduction is largely used for preprocessing, noise-reduction and visualiza-

tion. A different aspect is the application for data analysis. Hence, the advent of big

data has spurred the development of novel linear and nonlinear dimensionality reduction

techniques, which we review in this section.

ScRNA-seq is a novel member in the big data family. It quantifies the gene expression level

for over 20,000 genes and several hundreds to thousands of cells. The inspection of every

gene (feature) is infeasible. Instead, dimensionality reduction projects data into a low-

dimensional space while preserving as much ‘structure’ as possible. Notably, the methods

for dimensionality reduction differ largely in the interpretation of the term ‘structure’. For

example, linear dimensionality reduction such as Principal Component Analysis collapses

the most important features into the leading components and orders them according to

the variance explained by each component.
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Furthermore, dimensionality reduction helps us to learn about the underlying manifold of

the data — cells of the same cell type group together and continuous processes such as

differentiation can be abstracted to a line in a low dimensional representation. Here, we

present common methods to represent scRNA-seq data in a low dimensional space.

Principal Component Analysis (PCA)

Principal component analysis was first described by Karl Pearson in the early 20th cen-

tury [Pearson, 1901]. The method aims to represent as much variance in the leading

components as possible. In principle, the empirical covariance matrix of the data and the

corresponding eigenvalues and -vectors are computed. The eigenvectors are called prin-

cipal components (PCs), while the eigenvalues correspond to the explained variance by

each PC. Using PCA, a set of potentially correlated variables is transformed into a set of

uncorrelated variables with respect to the new basis (i.e. principal components).

Let X ∈ Rn×g be a data matrix with n observations (cells) and g features (genes). Fur-

thermore, let Σ ∈ Rg×g be the corresponding covariance matrix, which is symmetric and

positive semidefinite. The corresponding eigenvalue decomposition of Σ reads

Λ = ΓTΣΓ.

Here Λ ∈ Rg×g is a diagonal matrix with the eigenvalues as diagonal elements (sorted in

decreasing order) and Γ ∈ Rg×g is an orthogonal matrix consisting of the eigenvectors of

Σ. Finally, we transform the data matrix X as follows:

Y =
(
ΓTXT

)T
.

Here, Y is the data matrix projected into the orthogonal PC-space. The corresponding

covariance matrix of Y ∈ Rn×g is Λ. Λ has only entries on its diagonale and thus the

features on Y are uncorrelated.

PCA assumes that data is normal distributed which does not hold true for single-cell RNA-

seq. Moreover, PCA preserves large distances making it sensitive to outliers. However,

PCA is a common preprocessing method to reduce the initial number of dimensions of a

dataset. In Chapter 3, we derive a scoring method based on PCA.

Diffusion Maps

Diffusion maps [Coifman et al., 2005, Haghverdi et al., 2015] represent a nonlinear di-

mensionality reduction method with similarity to PCA. There the distance between two

points is evaluated by a Markov jump process, i.e. the distance of two points corresponds
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to the probability of jumping from one point to the other in n iterations. The resulting

transition probability matrix is decomposed into its eigenvectors, which are called diffu-

sion components. Diffusion maps preserve and resolve local distances, while outliers have

little influence on the projection. Simultaneously, the intrinsic noise of the data is reduced

in each of the diffusion components, because the noise term is marginalized out by the

diffusion process.

Here, we recapitulate the symmetric, locally scaled version of diffusion maps (cf. Haghverdi

et al. [2016]). Let D = {x1, . . . , xn} be a gene expression dataset with n samples and g

genes, where xi ∈ Rg ∀i ∈ {1, . . . , n}. The probability of reaching cell xj from xi in a

Markov jump process is given by a wave function:

p(xj |xi) =

(
2

πσ2
i

) 1
4

exp

(
−||xj − xi||

2

σ2
i

)
.

There, σi is the Gaussian kernel width for cell xi. For two neighboring cells xi and xk we

compute the locally scaled kernel K as overlap integral over all possible positions x as

K(xi, xj) =

∫ ∞
−∞

p(x|xi)p(x|xj)dx =

(
2σiσj
σ2
i + σ2

j

) 1
2

exp

(
−||xi − xj ||

2

2(σ2
i + σ2

j )

)
.

By normalizing K(xi, xj)) for sampling density Z(x), we obtain

Wij =
K(xi, xj)

Z(xi)Z(xj)
, where

Z(x) =

n∑
k=1

K(x, xk).

Next, we construct a right-stochastic matrix T asym
ij by applying a row-normalization Z̃i to

the matrix W as follows:

T asym
ij =

1

Z̃i
Wij , where

Z̃i =
∑
j

Wij .

In general, T asym is a normalized Laplacian. Next, the T asym is transformed into a sym-

metric matrix T sym while preserving the spectrum of T asym. The proof of the following

lemma 2.1 can be found in von Luxburg [2007].

Lemma 2.1. Let T asym be a normalized Laplacian, λ an eigenvalue of T asym, and u the

corresponding right eigenvalue. Then, λ is an eigenvalue of T asym, and u the corresponding
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right eigenvalue, if and only if λ is eigenvalue of T sym with eigenvector w with entries

wi = Z̃
1
2
i ui.

From the lemma follows directly a construction for T sym via

T sym
ik = Z̃

− 1
2

i WikZ̃
1
2
i .

In the last step, the eigenvalue decomposition of T sym ∈ Rn×n reads

T sym = ΓTΛΓ.

The first eigenvector ψ0, which corresponds to the eigenvalue λ0 = 1, is removed. Thus,

the set of {ψ1, . . . , ψn} are called diffusion components.

The theory on diffusion maps on scRNA-seq data will be extended by theory on diffusion

pseudotime (see section 2.9).

t-distributed Stochastic Neighborhood Embedding (t-SNE)

t-SNE [van der Maaten and Hinton, 2008] is a nonlinear dimensionality reduction method

that uses a similarity measure to preserve local structures in the data. In brief, it max-

imizes the probability that two points are adjacent in a low dimensional space if they

are proximal in high dimensional space. After projecting the points into a low dimen-

sional space, the resulting similarity of all points should correspond to the similarity in

the original space. The optimal placement of all points is achieve by minimizing the

Kullback-Leibler divergence [Kullback and Leibler, 1951] of the joint probability distri-

butions in high-dimensional and low-dimensional space. t-SNE preserves local structures

well and clusters data into closely related and distantly related parts. Distances between

clusters in the low-dimensional space cannot be interpreted as large-scale structure is not

accounted for in the model. In recent years, t-SNE has become a popular method to

visualize scRNA-seq data.

Let D = {x1, . . . , xn} be a gene expression dataset with n samples and g genes, where xi ∈
Rg ∀i ∈ {1, . . . , n}. The low-dimensional representation is denoted by Y = {y1, . . . , yn},
where yi ∈ Rm ∀i ∈ {1, . . . , n} and m ∈ {2, 3}. The conditional probability of xj given xi

reads

pj|i =
exp

(
−||xi − xj ||2/2σ2

i

)∑
k 6=i exp

(
−||xi − xk||2/2σ2

i

) , (2.7)

where σi is the variance of a Gaussian centered in xi. The joint probability pij is sym-

metrized and scaled as pij =
pj|i+pi|j

2n . The scaling ensures that the sum over all joint
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probabilities is not-vanishing as
∑

j pij >
1

2n for all xi ∈ D. Therefore, every data point

xi contributes to the probability distribution. The variance σ2
i is computed based on the

effective number of neighbors, called perplexity Perp(Pi) (see van der Maaten and Hinton

[2008] for details). Thus, the scaling is different for every data point.

In the low dimensional space, the joint probability qij follows a Student’s t-distribution:

qij =

(
1 + ||yi − yj ||2

)−1∑
k 6=l (1 + ||yk − yl||2)−1 . (2.8)

The Student’s t-distribution has a ‘heavier tail’ than the Normal distribution, but it dis-

favors large-scale distances as well. The objective function of the t-SNE algorithm is the

Kullback-Leibler divergence C:

C = KL(P ||Q) =
∑
i

∑
j

pij log
pij
qij
.

Thus, t-SNE optimizes the distributional equality of the high dimensional probability den-

sity function p (see eq. 2.7) and the density function q (see eq. 2.8) of the low-dimensional

representation. Finally, the t-SNE embedding is performed by an iterative numeric algo-

rithm using stochastic gradient descent. The embedding Y(t) at iteration t ∈ {1, . . . , T} is

given by

Y(t) = Y(t−1) + η
∂C

∂Y
+ α(t)

(
Y(t−1) − Y(t−2)

)
, (2.9)

with the optimization parameters η (learning rate) and α(t) (momentum).

Uniform Manifold Approximation and Projection (UMAP)

UMAP [McInnes and Healy, 2018] is a manifold learning technique that uses previous

work on Laplacian eigenmaps [Belkin and Niyogi, 2002, 2003] and algebraic topology to

derive a low-dimensional representation of a dataset. The authors assume that a dataset

can be approximated as Riemannian manifold in the high-dimensional space or, in other

words, as a single k-nearest neighbor graph. In contrast to t-SNE, UMAP better preserves

the global structure and is not restricted to the the dimensions 2 and 3.

Let a dataset D = {x1, . . . , xn} with n samples be uniformly distributed on the manifold

M ∈ Rd with d features. Furthermore, let g be a Riemannian metric. Then, (M, g) is

a Riemannian manifold. Given the uniform sampling of the dataset D from the manifold

M, the authors derived a geodesic distance metric for each point xi ∈ D. In particular, a

sphere of fixed volume centered at xi contains approximately the same number of nearest

neighbors and, conversely, a neighborhood of k-nearest neighbors to xi determines an

individual distance for each xi that is approximately the same for all xi ∈ D. In order to
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integrate this family of metric spaces into a global structure, they employed the theory

of simplicial fuzzy sets [Friedman, 2012] and relied heavily on the self-published work

of Spivak [2009] over metrics on simplicial fuzzy sets.

Briefly, a fuzzy set consists of a reference set A and a membership strength function

µ : A → [0, 1]. For example, let Sd−1
k (xi) a sphere in Rd with fixed radius ρi, that

contains approximately k-nearest neighbors of xi. For UMAP, the membership strength

for all points within the sphere equals 1, whereas the membership strength of points

outside the sphere decreases exponentially. Moreover, the fuzzy set that contains Sd−1
k (xi)

also contains neighboring points outside the radius ρi, but with decreasing membership

strength. Thus, UMAP takes into account larger distances than t-SNE.

Two fuzzy sets (A,µ) and (A, ν) are comparable, if they have the same reference set. For

UMAP, the authors optimize the cross-entropy C of two fuzzy sets (A,µ) and (A, ν) as

follows:

C ((A,µ), (A, ν)) ,
∑
a∈A

µ(a) log

(
µ(a)

ν(a)

)
+ (1− µ(a)) log

(
1− µ(a)

1− ν(a)

)
. (2.10)

Learning a low-dimensional manifold that represents the high-dimensional manifolds in-

volves, similar to t-SNE, the optimization of the cross-entropy C in eq. 2.10 via stochastic

gradient descent (see eq. 2.9). We will use the UMAP dimensionality reduction to visualize

complex tissue data in Chapter 4.

Other methods

Given the numerous ways to visualize data and use dimension, we will mention some

less common dimensionality reduction techniques. The spanning-tree progression analy-

sis of density-normalized events SPADE [Qiu et al., 2011] includes both clustering and

visualization. However, it is outdated due to its unstable behavior. Isomap [Tenenbaum

et al., 2000] is a nonlinear dimensionality reduction method. It uses geodesic distances

induced by a nearest neighbor graph. Force-directed graph layouts [Islam et al., 2011,

Jacomy et al., 2014] are used to draw graphs in a visually pleasing way. In the case of

scRNA-seq data we use a k-nearest neighbor graph. Attractive forces a used to attract the

endpoints of the graph while repulsive forces are applied between all pairs of cells. The

graph is then simulated as physical system and the result is visualized. Self-organizing

maps (SOM ) [Kohonen, 1982] is an artificial neural network approach to learn the two-

dimensional representation of a high-dimensional manifold.
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2.8 Clustering

The term clustering describes a grouping of similar observations in a dataset and is closely

related to classification. As such, it is a classical machine learning task (cf. Murphy [2012]

Chapter 25 for a comprehensive overview). In scRNA-seq, we use clustering to discover

abundant and rare cell types, as well as low quality cells or outliers. It should be noted

that discovering cell types is typically an unsupervised clustering task and validating these

discoveries using a ground truth from complementary data can be difficult. Cell types

are typically validated using literature derived marker genes. However, cell type specific

marker genes are not always available and a stringent classification into discrete cell types

does not apply for cells undergoing continuous changes as in developmental processes (cf.

section 2.9). Therefore, we have to qualitatively assess the result of any employed clus-

tering algorithm. Currently, the choice of the ‘best’ clustering algorithm is under debate

and depends on both the task and data structure [Duò et al., 2018, Wiwie et al., 2015]. A

more detailed review on clustering in scRNA-seq can be found in Andrews and Hemberg

[2018b] and Kiselev et al. [2019].

In scRNA-seq, we are confronted with a plethora of traditional and new clustering tools es-

pecially in clustering [Zappia et al., 2018], such that describing them is infeasible. Instead,

we focus on a few commonly used tools and review their advantages and disadvantages.

k-means

k-means [MacQueen, 1967] is a general purpose strategy in machine learning to partition

data into a fixed number of groups. Its aim is to find a partition such that the distance of

assigned cells to the respective cluster center is minimal.

Let D = {x1, . . . , xn} a dataset with n observations and xi ∈ Rg an observation in the g-

dimensional feature space Rg. In this thesis, we have g genes as features, but we can apply

k-means similarly on a low-dimensional embedding. Starting with k randomly chosen

starting points (the ‘centroids’ µk) in the g-dimensional space, it assigns each observation

xi to the nearest center:

zi = arg mink||xi − µk||2.

Then, it updates the positions of all k centers by taking the mean of all points per assigned

cluster:

µk =
1

Nk

∑
i:zi=k

xi,

where Nk is the cluster size. Assignment and center update are repeated until convergence.

k-means is a fast and simple algorithm, which works best if all clusters are g − 1-spheres
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Sg−1 and equally-sized. However, the number of clusters is a priori unknown in most

cases. Furthermore, the initialization of the centroids may influence the results. In order

to alleviate this issue, SC3 [Kiselev et al., 2017] averages over the results using several

cluster numbers k to determine a robust result.

Hierarchical Clustering

In contrast to k-means clustering, the number of cluster is not predetermined in hierarchi-

cal clustering. Instead, hierarchical clustering creates a relationship between clusters with

different heterogeneity. In general, we distinguish between agglomerative (bottom-up) and

divisive (top-down) clustering algorithms (cf. Murphy [2012]). Both methods use a dissim-

ilarity matrix as input. In the top-down approach, groups are split for example using the

Ward’s minimum variance method [Ward Jr, 1963]. Briefly, the Ward’s minimum variance

method merges two clusters if the increase of total within-cluster variance is minimal. In

the bottom-up approach, one starts with k clusters and iteratively merge the most similar

clusters. The result of k-means clustering is often used to define the starting clusters.

The clustering result is usually visualized as dendrogram and a ‘cut’ parameter determines

the number of clusters after the hierarchical relationship is inferred. It should be noted

that hierarchical clustering always produces a hierarchy, even if the input data is random.

Thus, choosing the ‘correct’ number of clusters is not trivial.

Density-Based Spatial Clustering of Applications with Noise (DBSCAN)

DBSCAN [Ester et al., 1996] is a density-based clustering algorithm. In contrast to k-

means, DBSCAN works without assumptions on the shape, size, or number of the clus-

ters. As input parameters, DBSCAN uses an ε-neighborhood and an minimum number

of neighbors minPts, which determine the density threshold of the algorithm. If a point

p has more than minPts neighbors closer than ε, it is a core point. If a point q has less

than minPts neighbors, but is within a ε-neighborhood of a core point, it is a border point

and still belongs to the cluster. Points that fall into neither of the above categories are

classified as noise.

DBSCAN scales linearly with the number of observations as it visits every point only

once. Furthermore, DBSCAN determines the number of clusters automatically. Thus, is

particularly useful in large-scale datasets with various cell types. It is applied to cluster

complex datasets with various cell types as the mouse retina [Macosko et al., 2015].
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Louvain

Representing a dataset as a graph with edges between data points (i.e. connecting near-

est neighbors) allows us to extend the density-based clustering approach to ‘community

detection’. In our case, transcriptionally similar cells are neighbors. The louvain algo-

rithm [Blondel et al., 2008] partitions a graph into densely-connected sub-graphs via a

metric called modularity [Newman and Girvan, 2004]. Similar to DBSCAN, clusters may

have different shapes, sizes, and number. The only optimization parameter for louvain

clustering is resolution. As it scales favorably with the number of cells, it applies well to

datasets of up to a million data points [Wolf et al., 2018a]. Further, single-cell methods

like PhenoGraph [Levine et al., 2015], Seurat v.1.4 [Butler et al., 2018] and Scanpy [Wolf

et al., 2018a] use the louvain algorithm for clustering. Hence, community detection al-

gorithms are applied to solve various clustering problems in scRNA-seq. Recently, Traag

et al. [2018] present the Leiden algorithm as improved version of the louvain algorithm.

The authors showed that the louvain algorithm has connectivity issues and may yield

arbitrarily badly connected communities.

Other methods

We close the section on clustering by mentioning a few other clustering methods. Most

clustering methods are extensions of k-means, hierarchical clustering, or DBSCAN. For

example, RaceID uses k-means clustering combined with outlier detection to find rare

cell types [Grün et al., 2015]. Ho [2017] created Clustering through Imputation and

Dimensionality Reduction (CIDR), which is based on hierarchical clustering. Further,

GiniClust identifies genes with skewed gene expression patterns with the Gini index and

applies DBSCAN on this preselection to identify rare cell types [Jiang et al., 2016].

2.9 Pseudotime

Developmental processes such as cell differentiation and cell fate decisions involve a grad-

ual change in the gene expression pattern along the developmental trajectory. The most

famous metaphor for cell differentiation is Waddington’s landscape [Waddington, 1957].

There, a cell is rolling down a furrowed hill in which each channel corresponds to a differ-

ent fate. The act of rolling corresponds to cell differentiation over time. Using single-cell

transcriptomics, we can order cellular gene expression profiles based on similarity to one

another. This ordering is often interpreted as the intrinsic temporal order of developing

and differentiating cells. Pseudotime methods have created important insights to cell fate
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decision making or lineage segregation [Trapnell et al., 2014].

Widely used approaches that construct pseudotemporal orders from gene expression pro-

files use for example minimum spanning trees (Monocle [Trapnell et al., 2014], Sling-

shot [Street et al., 2018]), average graph distance (Wanderlust/Wishbone [Bendall et al.,

2014, Setty et al., 2016]) or a Markov-jump-process-based metric in diffusion space (dif-

fusion pseudotime [Haghverdi et al., 2016]). Saelens et al. [2018] provide a comprehensive

overview and benchmarking of pseudotime algorithms on simulated and real data, which

consist of a multitude of different topologies.

Importantly, pseudotime methods are linked to trajectory inference methods that are used

to learn the manifold of a lineage specification process. Such a manifold may reflect a trans-

formation from one cell type to another, a cell-fate choice with two or more options (i.e.

branching), a ring for recurrent processes such as cell cycle, or more complex topologies

such as the hematopoietic lineage hierarchy.

Diffusion pseudotime (DPT)

In section 2.7, we introduced diffusion maps as a nonlinear dimensionality reduction

method based on random walks. Here, we describe the concept of diffusion pseudo-

time [Haghverdi et al., 2016] that directly builds upon diffusion maps. In contrast to

other pseudotime algorithms, which require a root cell to start from, DPT is a distance

metric, where distances between arbitrary cells are computed and root or tip cells are de-

fined afterwards. DPT corresponds to the sum of all possible random walks of any length

between two cells and is robust to noise (see Haghverdi et al. [2016] for details).

Let T be a symmetric transition matrix as derived in lemma 2.1. Further, let f(t) ∈ Rn

be a probability density with initial density f(0) and t ∈ N be a discretized time step.

The probability density f(t) changes over t time steps as

f(t) = f(t− 1)T = f(0)T t.

By construction of T , its largest eigenvalue λ0 = 1 with corresponding eigenvector ψ0,

whose entries ψ0i = Z̃i. Next, the authors exclude the possibility to stay in the current

state by subtracting largest eigenvalue from the spectrum of T . This step also removes

the largest eigenvalue λ0 from the spectrum of T . The matrix M denotes the sum of all

possible random walks for all cells:

M =

∞∑
t=1

(T − ψ0ψ
T
0 )t

=
(
I − (T − ψ0ψ

T
0 )
)−1 − I,
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using the properties of the Neumann series. It must be noted that Neumann series only

converges, if the absolute value of all eigenvalues is smaller than one. Then, the matrix

entry Mik denotes the transition of cell xi to xk:

Mik =

∞∑
t=1

(T − ψ0iψ
T
0k)

t

=

∞∑
t=1

n−1∑
j=1

λtjψjiψ
T
jk

=
n−1∑
j=1

λj
1− λj

ψjiψ
T
jk,

where λj ∈ R and ψj ∈ Rn denote the jth eigenvalue and the corresponding eigenvector of

T , respectively.

In the final step, let a random walk start in cell xi, i.e. f(0) = δ(xi). Then, the diffusion

pseudotime DPT is a distance metric defined by

DPT(xi, xk) = 2

√∑
j

(Mij −Mkj)
2

= 2

√√√√n−1∑
j=1

(
λj

1− λj

)2

(ψji − ψjk)2.

In the original version of the publication, DPT is used to detect a single branching event.

Moreover, we can couple DPT with an arbitrary manifold inference method. In the fol-

lowing section, we describe a unifying approach that captures a multitude of complex

topologies and applies DPT to draw gene expression trajectories.

Partition-based graph abstraction (PAGA)

Partition-based graph abstraction (PAGA) [Wolf et al., 2018b] uses a graph representation

of single-cell data and its partition into clusters to learn the data manifold. Usually, gene

expression data are represented as a k-nearest neighbor graph and the louvain clustering

is the obvious choice of clustering method. Using these inputs, PAGA circumvents the

problem of learning the data manifold based on a one-dimensional pseudotime metric.

Moreover, PAGA is more robust to sampling bias and small populations as often encoun-

tered in more complex datasets.

In the PAGA algorithm, each cluster is represented by a node (coarse-graining step).

Second, PAGA connects each node by weighted edges which correspond to a statistical
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measure of connectivity between clusters. Last, spurious edges are discarded.

As a result, PAGA creates a denoised topology with both connected and disconnected

regions: a PAGA tree of arbitrary complexity. A key factor for PAGA is the resolution of

the clusters — too few clusters results in every cluster connecting to every other cluster.

However, PAGA deals well with multiple-resolutions and is stable even for small clusters.

As a remark, PAGA uses diffusion pseudotime (DPT) as standard to draw gene expression

trajectories along specified paths.

In summary, PAGA uses an unsupervised manifold learning approach based on graphs,

which is independent of a (mechanistic) assumption on the topology. Together with DPT,

we will employ the PAGA model in Chapter 4 to infer a complex lineage hierarchy in the

small intestine of the mouse.

2.10 Differential Expression Analysis

Differential expression analysis employs a statistical model for gene expression and allows

us to identify significant changes across conditions, such as healthy controls and disease

samples. Furthermore, differential expression is used to identify genes whose expression is

characteristic to a single group or cluster of cells (i.e. marker genes). We start with the

example of two-group comparisons. Here, we define two groups I and J and assume that

we can use the same model parameters to describe the properties of the two groups. This

assumption is a so-called null hypothesis H0. Example null hypotheses include:

H0 : µi = µj , or

H0 : µi = µj ∧ σ2
i = σ2

j , or (2.11)

H0 : µi = µj ∧ pdropout,i = pdropout,j ,

for every gene. Here µ is the mean expression, σ2 the (empirical) variance, and pdropout is

the dropout probability. In general, the null hypothesis H0 is induced by the respective

differential expression model. Furthermore, the more elaborate a differential expression is,

the more parameters are required for the model fit. In order to generalize from two groups

to multiple conditions, a differential expression model uses either a Wald test [Wald, 1943]

on the set of model parameters θ, or uses a likelihood-ratio test (LRT), where it compares

the values of the likelihood function for the null model and alternative model. In the

Wald test, we test if the set of model parameters θ is the same as the expected set of

parameters θ0, i.e. H0 : θ = θ0. In the LRT, we first create a likelihood function for

the null model and the alternative model [Neyman et al., 1933]. Then, we evaluate both
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functions for our data and compute the ratio. In order to compute a p-value of the LRT,

we have to determine the distribution of values from the LRT, which is non-trivial in most

cases [Neyman et al., 1933].

A simple differential expression test as the t-test can be evaluated gene-wise as illustrated

in eq.s 2.12, 2.13. When the number of parameters in the model increases, the number

of samples can be too small to estimate both parameters, mean, and variance. Therefore,

models frameworks such as DESeq2 [Anders and Huber, 2010] and SCDE [Kharchenko et al.,

2014] borrow information across genes. In these settings, the corresponding null model is

not fitted gene-wise but on all genes. Importantly, the null hypothesis H0 holds for the

majority of genes such that a model fit has an appropriate reference. As a consequence,

differential expression analysis should be applied on all expressed genes rather than the

subset of highly variable genes, because the latter are already selected to be more variable

than expected from stochastic noise modelling.

Statistical modelling for differential expression requires a complete trust in a dataset or,

in other words, the ‘garbage in, garbage out’ principle. Its meaning is simple: If the input

data is flawed, your result will be too. First, the statistical model should reflect the dis-

tributional properties of the data. Most scRNA-seq data are best described by a negative

binomial model fit rather than zero-inflated negative binomial model [Vieth et al., 2017]3.

However, using the negative binomial with or without zero-inflation for the stochastic na-

ture of gene expression has been enthusiastically discussed [Elowitz et al., 2002, Fan et al.,

2016, Finak et al., 2015, Grün et al., 2014, Pierson and Yau, 2015, Vallejos et al., 2016].

Second, we need to make sure that we use a meaningful grouping in the analysis, espe-

cially when we interpret a clustering as cell types. To date, there is no accepted measure

to discriminate if a clustering reflects distinct cell types or simply an overestimation of

the heterogeneity in a cell type, which might be driven by a separate process such as cell

cycle [Andrews and Hemberg, 2018b, Buettner et al., 2015].

Furthermore, when we apply a differential expression test to discover differences between

clusters, the null hypothesis H0 as in eq. 2.11 is violated as the clustering already sepa-

rated the groups of cells to maximize a dissimilarity. Therefore, p-values obtained in this

situation are inflated [Zhang et al., 2018a,b].

In extension of differential expression analysis is to test gene expression changes along a

(pseudo-)temporal axis (see section 2.9 on pseudotime algorithms). For example, Trapnell

et al. [2014] used generalized additive model fits to determine changes along the pseudotem-

3A negative binomial model is an overdispersed Poisson model, i.e. we have the two parameters mean
µ and variance φµ. A zero-inflated negative binomial model accounts for excessive zeros in the data by
coupling the negative binomial model to an binomial model with dropout parameter p.
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poral axis. In order to cluster the genes, the authors computed pairwise distances based

on Pearson’s correlation for all trajectories. Then, the k-medoids algorithm grouped the

trajectories roughly into ‘upregulation’ and ‘downregulation’ clusters. Another approach

is to group the cells again into ‘initial’, ‘intermediate’ and ‘terminal’ developmental groups

and apply classical differential expression tests [Haghverdi et al., 2016, Wolf et al., 2018a].

Lastly, statistical testing may correct for complex study design using a model matrix.

To illustrate, we might have to take into account biological variation across individuals,

variation across experiments, and changes in the experimental protocol. Moreover, many

experiments place their controls and cells of interest on different sequencing runs, such

that the biological effect confounds with a systematic batch effect. Lun and Marioni

[2017] have shown that failing to correct for confounding increases false positive results.

However, creating an experimental design without confounding of several sources of vari-

ation remains a challenge in itself.

In the following, we outline a few methods for differential expression, which we use in this

thesis.

Welch’s t-test

The simplest approach to differential expression analysis is the Welch t-test as imple-

mented among others for gene ranking in Scanpy [Wolf et al., 2018a]. A Welch t-test is a

modification of the Student’s t-test [Welch, 1947]. Both test types use H0 : µi = µj as null

hypothesis, i.e. two groups I and J are normally distributed with equal means. However,

Welch’s t-tests also corrects for inequal variance and sample sizes.

For two groups I and J, let µi, µj and σ2
i , σ

2
j be the respective means and empirical

variance with sample size ni and nj , respectively. Then, the score t is defined as

t =
µi − µj√
σ2
i
ni

+
σ2
j

nj

. (2.12)

The score t is t-distributed with ν degrees of freedom, where

ν =

(
σ2
i
ni

+
σ2
j

nj

)2

σ4
i

ni(ni−1) +
σ4
j

nj(nj−1)

. (2.13)

In Scanpy, differentially expressed genes are ranked by the score t. As we already pointed

out earlier, the normal distribution does not describe scRNA-seq data well. Therefore,

we have to handle results from a t-test carefully and check them with a different method.
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However, this test provides a fast and simple approach to compute the top differentially

expressed genes, which is viable as strong differences between groups will be picked up

reliably by all methods. In the case of marker gene detection we usually define the groups

as a single cluster with all others as reference.

limma

We have introduced limma [Ritchie et al., 2015] in the context of batch effect correction

in section 2.4. limma was originally designed as analysis pipeline for microarray data.

It readily supports several covariates in the form of a model matrix for the linear model

fit for differential expression analysis. In particular, limma fits a linear model for each

gene, and borrows information across genes by setting a prior for the estimates of the

gene-variance (empirical Bayes method, see Smyth [2011] for details). Thus, the shrinkage

of gene-variance is less sensitive to outliers and allows estimating the variance at all when

the sample number is insufficient to estimate variance. However, scRNA-seq data usually

provides sufficient samples. For each gene and covariate of the linear model limma provides

an empirical Bayes moderated t-statistic, an associated p-value, and a log-fold change.

Importantly, limma provides multiple testing correction for every chosen contrast in the

model matrix. It should be noted that limma expects normally distributed data that are

best approximated by log-transformed data rather than count data in scRNA-seq. Then,

limma estimates the mean-variance relation on the log-space.

Other methods

To close the section on differential expression tests, we summarize some more differential

expression analysis approaches for scRNA-seq. It must be noted that the approaches to

model differential expression are quite diverse. SCDE is one of the first differential expres-

sion models for scRNA-seq data [Kharchenko et al., 2014]. It uses a complex Bayesian

framework of a zero-inflated negative binomial model. However, the implementation of

SCDE is computationally costly. In the PAGODA framework of Fan et al. [2016] uses the same

error model as SCDE, but is computationally more efficient. Further, PAGODA identifies

overdispersed genes and groups them based on a PCA score. In contrast to other differen-

tial expression methods PAGODA also provides the possibility for functional interpretation

of gene sets.

DESeq2 was originally designed for bulk data and uses a negative binomial model [Anders

and Huber, 2010]. Further, the mean-variance relation is derived from all genes. Andrews

and Hemberg [2018a] identify differentially expressed genes with Michaelis-Menten kinet-

ics in the M3Drop model. Here, mean expression level µ and dropout probability Pdropout
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correlate via

Pdropout = 1− µ

KM + µ
,

where KM is Michaelis-Menten constant. In this context, KM denotes the mean expres-

sion required to detect a gene in half of the cells.

The Model-based Analysis of Single-cell Transcriptomics (MAST [Finak et al., 2015]) mod-

els dropout and expression levels simultaneously. The approach is called Hurdle model.

The dropout component follows a binomial model and the mean expression level is mod-

eled with a normal distribution. Thus, MAST works well with log-normalized count data

in the case of scRNA-seq. More generally than MAST, scDD is a Bayesian framework

that identifies differential distributions in a single cell dataset [Korthauer et al., 2016]. In

particular, scDD models the number of modes such as unimodal versus bimodal distribu-

tions and compares these distributions across conditions. Hence, scDD detects changes in

modality and proportional shifts between modes.

Lastly, BASiCS is a Bayesian framework to model differences in both mean and vari-

ance [Vallejos et al., 2016]. The model is able to detect biologically relevant changes in

variance, for example during aging [Martinez-Jimenez et al., 2017].



Chapter 3

Batch effect quantification

The most dangerous phrase in

the language is, “We’ve always

done it this way.”

Grace Hopper

In this chapter, we describe a new method for batch effect quantification, which detects

batch effects robustly and sensitively. Using this method, we gain new insight to batch

effect quantification in single-cell RNA-seq and its application to simulated and real data.

The chapter is based on and partly identical to the following publication at Nature Meth-

ods: M. Büttner*, Z. Miao*, F. A. Wolf, S. A. Teichmann, and F. J. Theis. A test

metric for assessing single-cell RNA-seq batch correction. Nature Methods, 43-49, 2019

(* indicates equal contribution)

The goal of this project is to create an unbiased, sensitive and robust batch effect quan-

tification in scRNA-seq data that outperforms existing methods. Further, an unbiased

measure allows investigating the properties of batch effects in scRNA-seq data. Moreover,

a unbiased, robust and sensitive batch effect measure allows benchmarking which batch

effect correction method performs best to remove batch effects.

For this purpose, we established a methodology to test for batch effects and to compare

results from different batch effect metrics. Then, we studied the properties of the test

metrics on several simulated datasets, which aim to mimic the properties of single-cell

RNA-seq data. The results assured us to apply our test metric for several normalization

and batch effect correction methods on single-cell RNA-seq data of mouse embryonic stem

cells (mESCs). Here, we focussed first on a pair of technical replicates, where a single cell

culture was split into two consecutive sequencing runs. Adding complexity, we investigated

batches of mESCs grown in different cell cultures. Going further, we benchmarked batch

effect correction on cells from several mouse embryonic development stages to demonstrate

the applicability of our method in integrating numerous studies. Lastly, we shifted focus

to use our method to study inter-individual variability in peripheral blood mononuclear

cells (PBMCs).
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3.1 A new test metric for batch effect quantification

Here, we introduce the k-nearest neighbor batch effect test (kBET).

Briefly, we reintroduce some notation (see Chapter 2). Let the full gene expression dataset

D = {x1, . . . , xn}, where xi ∈ Rg and X ∈ Rn×g the corresponding gene expression data

matrix with n samples and g genes. In a single-cell RNA-seq dataset D, each sample has

meta-information such as cell type, FACS gate or the batch i it was measured in.

The batch variable i has l categories such that ni denotes the number of samples in

batch i, fi = ni
n the global fraction of samples in batch i, and ν = (n1, . . . , nl) the batch

configuration of all samples. Furthermore, we define f̃i as the local fraction of samples in

batch i in some subset N ⊂ D. In particular, we consider subsets of k nearest neighbors.

Then, we formulate the null hypothesis H0 of ‘data being well-mixed’, i.e. the absence of

a batch effect, as

H0 : f̃i = fi ∀ i ∈ {1, . . . , l} ∀ subsets N ⊂ D. (3.1)

We illustrated the principal idea in Fig. 3.1. In order to statistically test the null hypoth-

esis, let us define a neighborhood subset

Nj = xj ∪ {xs|s is among k − 1 nearest neighbors of j} .

Nearest neighbors are computed with the cover-tree algorithm (FNN R package). To

optimize computation efficiency, we pre-compute the first 50 eigenvectors of the largest

eigenvalues with the svd function and use the reduced dataset to find nearest neighbors.

Let nkji denote the number of cells in batch i that are in subset j of size k. Testing the

null hypothesis involves two steps:

(i) Test the null hypothesis in each subset Nj of a given sequence of subsets. In each

subset Nj , this amounts to testing whether the distribution of nkji with respect to i

matches the distribution under the null hypothesis.

(ii) Summarize the result of the sequence of tests by computing the average rejection

rate S over all tests — a test statistic for the whole dataset. Hence, testing whether

S exceeds a significance threshold allows to reject the null-hypothesis for the whole

dataset.

Note that by performing these two steps, kBET goes beyond a standard test for homo-

geneity of subsets of a given dataset. In the following, we present three different ways to

create a test statistic based on the null hypothesis (3.1).
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Figure 3.1: The concept of a k-nearest neighbor batch effect test (kBET). a In a dataset
with replicates without batch effects, the fraction of the batch label does not differ from the
global label distribution in any neighborhood. b If a dataset has a batch effect, data points
from respective batches tend to cluster with their ‘peers’. Then the fraction of batch labels
differs considerably in arbitrarily chosen neighborhoods.

3.1.1 χ2-based test

In the limit of high values of k, the residuals of the test statistic is normal distributed with

respect to i. Then, we can use Pearson’s χ2 test, the test statistic of which reads

κkj =

l∑
i=1

(
nkji − fi · k

)2

fi · k
∼ χ2

l−1,

where χ2
l−1 denotes the χ2-distribution with l−1 degrees of freedom. The p-value for each

κkj is computed as

pkj = 1− Fl−1

(
κkj

)
,

where Fl−1(x) denotes the cumulative distribution function of the χ2-distribution with

l − 1 degrees of freedom.

3.1.2 Exact test

For small values of k, κkj does not necessarily follow a χ2-distribution. Hence, we also

evaluate the performance of Pearson’s χ2 test with the exact multinomial test and its

approximation, a likelihood ratio test [Cressie and Read, 1989]. In brief, the exact proba-

bility of an observed configuration nkj =
(
nkj1, . . . , n

k
jl

)
under the null hypothesis H0 (see

eq. 3.1) is

P0

(
nkj

)
= k!

l∏
i=1

f
nkji
i

nkji!
. (3.2)
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The probability in eq. (3.2) is used to compute the p-value as the sum over all possible

configurations y whose probability is lower than P0

(
nkj

)
:

P0 (sig) =
∑

y: P0(y)≤P0(nkj )

P0(y) (3.3)

The exact test is in-feasible to compute for larger samples as the number of computations

to carry out in eq. (3.3) scales with
(
k+l−1
l−1

)
.

3.1.3 Likelihood-ratio test

To meet the need for a scalable solution, we also compared to the approximation of the ex-

act probability in the form of a likelihood ratio test. Let us define an alternative hypothesis

H1 with the adjusted empirical frequencies

gi = max

(
1

k + d
,
nkji
k + d

)
,

where d denotes the number of non-chosen categories (absent batches) in a particular

subset Nj , in contrast to the exact probabilities under the null hypothesis H0 given in

eq. 3.2. The probability of the alternative hypothesis H1 reads

PA

(
nkj

)
= k!

l∏
i=1

g
nkji
i

nkji!
,

i.e. the likelihood-ratio test statistics G2 reads:

G2 = −2 log

 P0

(
nkj

)
PA

(
nkj

)


= −2

l∑
i=1

nkji log

(
fi
gi

)
−→ χ2

l−1

as k increases [Wilks, 1938]. If G2 gets large, the null hypothesis is rejected.

3.1.4 Optimal neighborhood size

The kBET rejection rate can be influenced by the number of data points for each subset

tested. For very high and very low k (i.e. < 5 % or > 80 % sample size), we observe a

decrease in the rejection rate of the null hypothesis, but there is a plateau of similar results
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for ‘intermediate’ values. We conclude that there is an interval of neighborhood sizes k

for which kBET returns a maximal rejection rate and that this interval is dependent on

the data.
Data: a set of k0-nearest neighbors, batch labels, bounds a and b

Result: optimal neighborhood size k

while |a− b| > 10 or |f(a)− f(b)| > 0.01 do

Set c = 0.5 · (b− a);

Compute f(c);

if f(c) > f(a) then

Set a = c;

Repeat bisection;

else

Set b = c;

Repeat bisection;

end

end

Return a
Algorithm 1: Recursive version of the bisection method in kBET. The rejection rate

computed by kBET is denoted as the general function f. Bisection is initialized with

a = 10 and b = k0.

We employ a recursive bisection to determine the most suitable neighborhood size (see

algorithm 1): for an optimal neighborhood size k, the kBET rejection rate is highest.

Further, we assume that there is an interval of neighborhood sizes k for which we obtain

maximal rejection rates. The complexity of the bisection algorithm is dependent on the

number of samples and ranges between O
(
n2
)

and O(n) (Fig. 3.2).

3.1.5 Isolated cells and adaptive frequencies

When the algorithm determines the local structure of the data as neighborhoods, we

implicitly assume that every cell has mutual nearest neighbors. That means we expect

that every cell can be found in more than one neighborhood of size k. If a cell is more

distant to its k-1 nearest neighbors than those neighbors among each other, we call this

cell an isolated cell or outsider. Such a cell does not contribute to any other neighborhood

and the composition of a tested neighborhood will not change if an isolated cell is removed

from the data entirely. However, a considerable amount of isolated cells bias the observed

outcome if their label composition is significantly different from the global batch label

distribution. We introduce adaptive expected frequencies that are computed without the

isolated cells to adjust for this effect.
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Figure 3.2: Complexity of kBET and PC regression Comparison of kBET and PC regres-
sion runtime, averaged over 10 runs. a-c components of kBET function, d PC regression. a
k-nearest neighbor search has a complexity of approximately O

(
n2
)

and is the slowest com-
ponent of the kBET function. b Finding an optimal neighborhood size k has a complexity of
approximately O(n). c Evaluation of the batch effect test is the fastest component. d PC
regression involves a PCA first and has a complexity of approximately O

(
n2
)
.

Let Niso = {xj |j has no mutual nearest neighbor} and nisoi denotes the number of cells in

batch i that are isolated. Then, we apply Pearson’s χ2 test to determine if a certain batch

label class is overrepresented:

κiso =

l∑
i=1

(
nisoi − fi · k

)2
fi · k

∼ χ2
l−1,

where the p-value reads piso = 1−Fl−1

(
κiso

)
, where Fl−1(x) denotes the cumulative distri-

bution function of the χ2-distribution with l−1 degrees of freedom. In case that piso < α =

0.05, we compute adapted expected frequencies on the basis of ν =
(
n1 − niso1 , . . . , nl − nisol

)
the batch configuration excluding isolated cells.
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3.1.6 A significance test of the batch effect estimate

Using the mean of rejected tests with spatial choice of subset and with stratified label

sampling (i.e. the expected result if no batch effect is present), we construct a second test

to decide whether there is a batch effect or not.

Definition 3.1. Let Y k
j ∼ Ber(p) the test result for some data point xj, i.e. Y k

j ∈ {0, 1}
with p defined as the success probability. In our case, p is the probability for the rejection

of the null hypothesis, which converges to the significance level α chose for the test of each

subset: p −→m→∞ α as k increases. Hence, we have Var
(
Y k
j

)
= p(1− p) for each subset

Nj. Let

Sk =
1

m

m∑
j=1

Y k
j , (3.4)

Var
(
Sk
)

=
1

m
p(1− p) (3.5)

and Sk ∼ N (µ, σ2|0 ≤ Sk ≤ 1) for m ≥ 30.

We wish to assess whether Sk ∼ N (α, 1
mα(1 − α)|0 ≤ Sk ≤ 1) as imposed by the null

hypothesis for ‘well-mixed’ data of different batches.

Definition 3.2 (Truncated normal distribution density function). The cumulative density

function of the truncated normal distribution is defined as follows:

F (s|µ, σ, ζ, η) =
Φ(ξ)− Φ(ζ)

Φ(η)− Φ(ζ)

where ξ =
s− µ
σ

, ζ =
a− µ
σ

, η =
b− µ
σ

,

where Φ is the cumulative normal distribution function and a, b lower and upper bound of

the support.

The cumulative density function F of the truncated normal distribution is a scaled version

of the cumulative normal distribution Φ, such that at the lower and upper bound, F (ζ) = 0

and F (η) = 1, respectively. We employ either the empirical mean and variance obtained

by random assignment of labels to compute eqs. (3.4) and (3.5).

Lemma 3.1. Let H0 be the null hypothesis as follows:

Sk ∼ N (α,
1

m
α(1− α)|0 ≤ Sk ≤ 1) for m ≥ 30,



64 CHAPTER 3. BATCH EFFECT QUANTIFICATION

where α is the significance level. The p-value of the rejection rate Sk reads

pSk = 1− F
(
Sk|0, 1, ζ, η

)
.

Then, the null hypothesis H0 is rejected, if pSk < α.

Proof. Sk follows the distribution of the truncated normal distribution (definition 3.2) and

the alternative hypothesis requires a one-sided test.

We still observe the dependency of the rejection rate and neighborhood size k (see section

3.1.4). A criterion for the acceptance of the null hypothesis (i.e. there is no batch effect

in the data) is that the null hypothesis is not rejected for all neighborhood sizes k. Nev-

ertheless, it must be noted that there may be high rejection rates for small neighborhood

sizes with no rejection of the null hypothesis for larger neighborhood sizes.

3.2 Prior approaches of batch effect quantification

3.2.1 Silhouette coefficient

The calculation of a silhouette aims to determine if a particular clustering has minimized

within-cluster dissimilarity and maximized inter-cluster dissimilarity [Rousseeuw, 1987].

Let us assume there is a given clustering into more than one cluster. For each sample i,

the silhouette width s(i) is defined as follows:

Definition 3.3 (Silhouette width and silhouette coefficient). Let a(i) be the average dis-

similarity between cell i and all other data points of its cluster A. If cell i is the only

observation in this cluster, set s(i) := 0. For all other clusters C 6= A, let d(i, C) the

average dissimilarity of cell i to all samples of C. There is some cluster B whose dissimi-

larity d(i, B) is minimal: b(i) := minC d(i, C), which is the ‘neighboring’ cluster to sample

i. Then, the silhouette width s(i) is the scaled difference of average dissimilarity within a

cluster and the average dissimilarity to its ‘neighboring’ cluster:

s(i) =
b(i)− a(i)

max (a(i), b(i))

The mean of all silhouette widths s(i) gives the silhouette coefficient s.
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We adapted the calculation from scone R package [Risso et al., 2014]. We summarize the

properties of the silhouette widths in the following lemma.

Lemma 3.2 (Properties of the silhouette width). Let clusters A and B contain more than

one cell each. Then, the silhouette width

(i) s(i) ∈ [−1, 1],

(ii) s(i) −→ 1∀i ∈ A if two clusters A and B are separated,

(iii) s(i) −→ −1 ∀i ∈ A if clusters A and B overlap, but cluster A is more dissimilar (and

more dispersed) than cluster B,

(iv) s(i) −→ 0 ∀i ∈ A, if both clusters overlap and have roughly the same extend.

Proof. For property (i), the lower bound is obtained, if a(i)� b(i) and the upper bound

is obtained, if b(i)� a(i).

For property (ii), let s(i) −→ 1, if b(i) � a(i) ∀i ∈ A. As b(i) := minC d(i, C) is already

minimal per definition, all cells of cluster B are more dissimilar than the average cell

in A. If cluster A and B are not separated, then there exists at least one cell j, where

a(j) ≥ b(j) = minC d(j, C), but then s(j) ≤ 0.

Property (iii) follows out of the proof for property (ii). Let s(i) −→ −1∀i ∈ A. Then,

a(i)� b(i), i.e. the average dissimilarity for cell i of cluster A is larger than the average

dissimilarity of cell i to cluster B.

For property (iv), we have a(i) ≈ b(i) ∀i ∈ A. If clusters A and B do not overlap, then

there exists at least one cell j with b(j) > a(j)⇒ s(j) > 0. Similarly, from property (iii)

follows immediately, that clusters A and B have the same extend measured in terms of

dissimilarity.

Hence, we use the absolute value of the silhouette coefficient |s| as indicator for

presence or absence of batch effects.

3.2.2 Principal Component Regression

Principal component analysis (PCA) is an orthogonal transformation the data matrix

X ∈ Rn×g into a set of linearly uncorrelated variables. The principal components (PCs)

correspond to the eigenvectors of the covariance matrix Cov(X) of the data and are ordered

by the explained variance of the data, i.e. by decreasing eigenvalues. Hence, PCA is a
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popular linear dimension reduction technique aiming to maximally preserve variances in

the data. We aim to construct a measure based on PCA that allows quantifying batch

effects in a dataset.

If a batch effect is present in the data, it contributes to the variance.

Definition 3.4. For each PC, Pearson’s correlation coefficient with the batch covariate B

(with l batch categories) reads

ri = corr(PCi, B).

Lemma 3.3 (Equivalence of Pearson’s correlation and coefficient of determination). For

every linear model that explains a PC with batch covariate B, the coefficient of determi-

nation R2 equals the squared Pearson’s correlation coefficient:

r2
i = R2(PCi, B),

and ri is always positive.

Proof. In every linear model with a single dependent variable, the coefficient of determi-

nation R2 is

r2
i = R2(PCi, B).

Thus, the Pearson’s correlation coefficient and coefficient of determination are equivalent.

In the case of PCA, the eigenvector is well defined apart from its sign. Without loss of gen-

erality, we flip the direction of any PC such that it is positively correlated or uncorrelated

to batch effects.

Let us restrict our analysis to the top N PCs, where N represents a ‘reasonable’ trade-off

between accuracy and computational cost and is typically much smaller than the total

dimension i.e. number of genes.

Definition 3.5. We define a set of indices D as the subset of {1, . . . , N}, where the

corresponding PCs correlate significantly with the batch covariate B.

Here the most general approach to detect batch effects using PCs is to determine the

cardinality of D. By construction, D is non-empty if there is at least one of the top N

PCs that correlates significantly with the batch covariate. This implies a binary outcome

that does not allow for a ranking of batch effect correction methods. However, the set D

is essential to interpret the correlation of batch covariates and PCs and we will keep the

notation for the following analyses.
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A first intuition for a PCA based measure of batch effects is to determine the highest

correlation and coefficient of determination with the batch covariate, respectively, in any

of the PCs.

Definition 3.6 (Maximum correlation with batch effect). We define a batch effect measure

by the maximum correlation and coefficient of determination, respectively, by

r = max
i∈{1,...,N}

ri or

R = max
i∈{1,...,N}

R2(PCi, B).

More specifically, restricting the computation of the maximal correlation to the set of

significantly batch-correlated PCs excludes non-significant results as

r̃ = max

(
max
i∈D

ri, 0

)
or

R̃ = max

(
max
i∈D

R2(PCi, B)

)
.

However, both r̃ and R̃ neglect the order and thus importance of the PCs. For example,

we have corrected our dataset with two different batch effect correction methods. Method

A yields r̃A = 0.6 (in PC3) and method B yields r̃B = 0.8 (in PC8). If we only consider

r̃A and r̃B, method A would outperform method B, but this neglects the fact that PC3

has greater importance in the dataset than PC8.

Please note that the maximum-approach works well if the batch effect is linear and or-

thogonal to the biological signal. In this case, a single PC may reflect the batch effect

completely. If the batch effect is non-linear, several PCs correlate significantly with the

batch effect, and the correlation for the PCs is lower in general.

Apart from maximum-correlation or maximum-R2, we also consider two index-based ap-

proaches. In the first approach, we use the rank of the PC with the highest correlation

and coefficient of determination, respectively.

Another approach is to consider only the first PC that is significantly correlated with the

batch effect — here we account more for the weights of the PCs.

Definition 3.7 (Index score from PC regression). The smallest element in set D reads

d = mini∈D i. For index based batch quantification approaches, let us define a PC score s
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as follows:

s = 1− m− 1

N
, where

m = min

(
arg max
i∈D

ri, N + 1

)
, (Approach 1)

m = min (d,N + 1) . (Approach 2)

Lemma 3.4. The support of the PC score s given in definition 3.7 is [0, 1] and the function

is linearly decreasing.

Proof. s is a linear function and attains its extremal points for m = 1 and m = N + 1. If

m = 1⇒ s = 1. If the set D is empty, none of the top N PCs is significantly correlated

with the batch covariate B. Then, m = N + 1 and s = 0.

Finally, we establish a variance-based approach.

Lemma 3.5 (Variance explained by batch effect). The total contribution of the batch

effect to the variance in the transformed data matrix Y may be approximated by

Var(Y |B) =

g∑
i=1

Var (Y |PCi) ·R2 (PCi|B) ,

where Var (Y |PCi) is the variance of Y explained by the ith PC.

Proof. The set of PCs is orthogonal. Then, regressing the batch covariate B and the

ith PC returns the coefficient of determination R2 (PCi|B). Following the law of total

variance, this is an approximation of the variance explained by B in each PC (principal

component regression, similar to McCarthy et al. [2017]).

However, we can evaluate the significance of R2 (PCi|B) using a linear regression model.

For the case of two batches, the significance test equals a univariate t-test on the loadings

of each PC split by batch covariate. A generalized model for several batches is the one-way

analysis of variance (ANOVA) whose test statistic is F-distributed.

It must be noted that, as the number of features (genes) increases, the largest and smallest

eigenvalue of the sample covariance matrix converge [Baik and Silverstein, 2006]. Con-

sequently, Var (Y |B) decreases with the number of features as well and due to the high-

dimensionality of scRNA-seq data, batch effects as defined above are difficult to interpret.



3.2. PRIOR APPROACHES OF BATCH EFFECT QUANTIFICATION 69

As alternative, we only use the explained variance with the most significant (i.e. highest)

R2 (PCi|B) as proxy for the batch effect.

Definition 3.8 (Approximation for variance explained by batch effect). Let V ar (Y |PCi)

for i ∈ {1, . . . , N} be the variance explained by the ith PC. Then, we define the explained

variance with the most significant ( i.e. highest) R2 (PCi|B) as approximation for the

variance explained by the batch effect:

Var(Y |B) ≈ Var (Y |PCi) , i = arg min
j∈{1,...,N}

p
(
R2 (PCj |B)

)

Alternatively, in order to increase interpretability of the variance-based approach, we sum

the variance of all significantly batch-correlated PCs and scale this sum by the total vari-

ance of the top N PCs (scaled variance explained by batch effect or ‘scaled PC regression’).

Lemma 3.6 (Scaled PC regression). Let V ar (Y |PCi) for i ∈ {1, . . . , N} be the variance

explained by the ith PC, and let the set of significantly batch correlated components D be

non-empty. Then, the scaled variance explained by batch effect,

Varscaled(Y |B) =

∑
i∈D Var(Y |PCi)∑N
i=1 Var(Y |PCi)

,

is as an upper bound for the batch effect in the data.

Proof.

Var(Y |B) =

g∑
i=1

Var (Y |PCi) ·R2 (PCi|B) (lemma 3.5)

<
∑
i∈D

Var (Y |PCi)

<

∑
i∈D Var(Y |PCi)∑N
i=1 Var(Y |PCi)

,

since
∑N

i=1 Var(Y |PCi) < 1 is the fraction of total variance explained by the first N

PCs.

Here, we massively over-estimate the variance explained by the batch effect. This scaling

can be particularly useful to detect batch effects that are not orthogonal to the biological

signal, i.e. when the batch effect is distributed over several components. However, it is

still based on PCA and hence able to detect only linear batch effects.
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3.3 Quantifying preservation of biological signals

The implicit constraint in batch correction is to preserve biological heterogeneity in the

data, otherwise the optimal batch correction would remove all variance, setting each ob-

servation to the same constant. An important part in scRNA-seq data analysis is to select

biologically informative genes (see section 2.6 for details). If the variance of the gene set

is dominated by batch effects, we select an uninformative set of genes. On the other hand,

if we remove variance induced by the batch effect and, in addition, biologically relevant

variance, we impair the downstream analysis as well. Our goal is to remove variance in

the data caused by the batch effect and to preserve as much of the biological variance as

possible. Hence, we assess biologically relevant heterogeneity by computing highly variable

genes (HVG) [Brennecke et al., 2013]) before and after correction.

Before correction, we compute HVG in each batch separately. Then, we only consider

HVG present in all replicates. We find considerably more HVG in the whole dataset

than replicate-wise, due to the batch effect. For example, let A, B and C represent three

replicates, and a, b and c the corresponding sets of HVG. Then, the batch-free, conservative

set of HVG is the intersection of a, b and c:

HVGbatch-free = a ∩ b ∩ c.

When we check the set of HVG after batch correction (HVGcorr), this set would ideally

contain the complete set of HVGbatch-free. In total, we evaluated the fraction of retained

HVG after correction. To complement the concept of retained HVG, batch correction is not

supposed to introduce additional variability to the data. Thus, we consider the difference

set of HVG before and after correction, as false discoveries that we use to compute a false

positive rate (FPR). In this example, the different set HVGdiff reads

HVGdiff = HVGcorr\ (a ∪ b ∪ c) .

To define a batch-free gene set before batch correction, we fit the Anders model to each

batch separately and intersect the corresponding sets of HVG. Let l be the number of

batches and ai the set of HVG for batch i, then we denote

HVGbatch-free =
l⋃

i=1

ai
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as the set of HVG present in each of the batches in a dataset.

More specifically, we considered the fact that highly variable genes depend on the type

of normalization [Vallejos et al., 2017]. Then, the reference set of highly variable genes

consists of all genes that are highly variable in all batches with log(counts + 1) normaliza-

tion. After batch correction, we compute HVG for the whole corrected dataset (HVGcorr).

Ideally, we would retain all HVGbatch-free after batch correction. We define the fraction of

retained batch-free HVG,

pretained =
|HVGbatch-free ∩HVGcorr|

|HVGbatch-free|
,

to determine if the biological signal in the data is preserved upon batch correction.

We quantify the number of HVG caused by the batch effect as a false positive rate (FPR).

In contrast to the fraction of retained HVG, we define the FPR by the fraction of HVG

that are found in the whole dataset but not in any of the batches. Let a be the set of HVG

in the complete dataset and ai the set of HVG in batch i, where i ∈ {1, . . . , l}. Then, the

false positive rate reads

FPR = 1−
⋃l
i=1(a ∩ ai)
|a|

.

3.4 kBET outperforms other methods for batch effect de-

tection in simulation studies

We evaluated the performance of kBET on several simulated datasets where the degree

of the batch effect is fully controlled. We employed two different models for simulating

single-cell RNA-seq data and batch effects. The first model is based on a zero-inflated

negative binomial distribution for count data similar to Lun et al. [2016a]. The second

approach utilizes the Splat model of the R framework Splatter [Zappia et al., 2017]. We

use Splat to explore the influence of differences in dropout and in the noise model.

3.4.1 A zero-inflated negative binomial model

We model the number of transcripts per gene and per cell as count data that follow the

negative binomial distribution with zero-inflation (ZINB) to account for dispersion and

sparsity caused by dropouts. Mean expression levels for each gene are sampled from the

beta-distribution (with appropriate scaling):

µ ∼ Beta(a, b) · c,
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where we choose the parameters a = 2, b = 5 and c = 100. Then, the dropout probability

for each simulated gene j ∈ {1, . . . , G} in batch i ∈ {1, 2} is modeled by the logistic

(sigmoid) function

pij = sigm (− (β0 + β1,i · µij)) ,

where we chose β0 = −1.5 and β1,i = 1/median(µi). Hence, the higher the expression

level, the lower the dropout probability. We designed the dropout model with the sigmoid

function similar to the dropout model in Andrews and Hemberg [2018a].

In total, every sample is drawn from sij ∼ NB (µij , θ|Ber(pij)), where θ = 1 and Ber is the

Bernoulli distribution. However, we do not consider a correlation structure between genes,

which would mimic a gene regulatory network. Instead, we use the same gene means µj

for both batch simulations.

3.4.2 Batch effect strength is modeled as an increasing fraction affected

genes

Having set up the parameters for the first batch, the mean expression levels of the second

batch µ2 are subject to different degrees of variation. We multiply a fraction of 1 %, 10 %

and 20 % of the mean expression levels µ with a Gamma distributed random variable

γ ∼ Γ(α, β)) and α = β = 11:

µ2,j =

µ1,j · γ : j ∈ {1, . . . , h ·G}

µ1,j : else,

where h ∈ {1 %, 10 %, 20 %} and G is the number of genes in the dataset. The Gamma

distribution with the chosen parameters has mean and variance equal to 1 such that the

expected value of the sampled mean expression levels stays unchanged.

However, the rejection rate of kBET depends on the neighborhood size. We illustrate

the phenomenon on two simulated datasets (Fig. 3.3). In a simulation with hardly any

distinguishable feature between the two batches (Fig. 3.3a, c), the results for the expected

and observed kBET tests are almost identical, and decrease with increasing neighborhood

size. Both visual inspection of the PCA plot and kBET computation lead to the conclusion

that no batch effect is detectable. In a simulation where 20 % of the mean expression levels

are shifted, we find a separation of two batches in the PCA plot and the maximal kBET

rejection rate (Fig. 3.3b, d).

In addition, we varied the sample size of the two batches to evaluate the effect of sample

1Let X ∼ Γ(α, β) be a Gamma distributed random variable with shape α and rate β. The probability
density function is p(x) = βα

Γ(α)
xα−1 exp(−βx) with x ∈ (0,∞). Then, E[X] = α

β
and Var[X] = α

β2 .
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Figure 3.3: kBET result depends on neighborhood size. Simulation results for 1000 genes
and 500 cells. Batch effect is modeled as a fraction of shifted gene means in the second batch.
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size imbalance. In each simulation, we sample 500 instances with 1000 genes each, with

the size ratio of the batches being r ∈
{

1, 1
3 ,

1
4 ,

1
9 ,

1
19

}
. This means equally sized batches

contain 250 samples each, and batches with r = 1
9 have 450 and 50 samples, respectively.

In all simulations with the ZINB model, we compared kBET’s ability to detect batch

effects with prior quantification approaches (Fig. 3.4).

3.4.3 Simulating single-cell RNA-seq count data using Splat

We complemented our ZINB-based simulation of batch effects using the more complex

model Splat as implemented in the R framework Splatter (version 1.3.2) [Zappia et al.,
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2017]. We investigate the following two scenarios:

(i) the batch effect is promoted by differences in dropout rates

(ii) the batch effect is promoted by additional noise

Before we elaborate both scenarios, let us briefly describe the Splat model. Gene mean

expression µi is modeled by a Gamma distribution with shape α and rate β: µi ∼ Γ(α, β).

The gene mean is modified by the occurrence of outliers, scaled by observed and expected

library size per cell and modified by simulated biological coefficients of variation (BCV)

(see Fig. 1 in Zappia et al. [2017]). Then, counts are drawn from the Poisson distribution

using the final means µ′ij . Dropout can be employed in this final step as option: Dropout

is modeled the non-success probability πDij in a Bernoulli distribution: Ber
(

1− πDij
)

. The

probability of observing non-dropout values rises as the final gene mean rises in a logistic

(sigmoid) function:

πDij =
1

1 + exp
(
−k ·

(
ln
(
µ′ij

)
− x0

)) ,
where k denotes the dropout shape and x0 the dropout midpoint. By default, x0 = 0 and

k = −1. For the batch simulations, we computed 1000 gene means in two equally sized

batches, where we also varied the sample size. For the first batch, we always employed

default parameters. The dropout rate simulations are carried out by shifting shape pa-

rameter k at several sample sizes, while we ensured the gene means being the same in both

batches (Fig. 3.5). In order to simulate additional noise, Splatter provides a batch effect

simulation of its own. In particular, batch effects are implemented as additional log-normal

factor on gene means. The batch effect for a gene, bi, is drawn from LN(µ, σ),where µ is

the batch factor and σ is the batch scale, and finally multiplied with the final gene mean

µ′i,j .

We have varied both batch factor and scale in order to determine the impact of the batch

effect to simulated data (Fig.s 3.6 and 3.7). The major difference to the ZINB-based

simulations is that any batch effect will now be applied to all genes instead of shifting a

fraction of genes as described in the section above.

3.4.4 Simulation results and comparison to alternative measures

We compared the ability of kBET to detect batch effects with alternative measures: the

absolute average silhouette width (’silhouette’) and the scaled variance of top 50 principal

components (PCs) that correlate significantly with the batch effect (FDR < 0.05)(’scaled

PC regression’). In addition, we compared the performance of different PCA based mea-
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sures to kBET. All measures operate on a normalized scale (i.e. 0 - ‘no effect’, 1 - ‘strong

effect’). As initial test cases, we varied an increasing fraction of gene means (Fig. 3.4),

simulated different dropouts (Fig. 3.5) or added noise to gene means (Fig.s 3.6 and 3.7).

In addition to the fraction of varied gene means, we simulated different batch sizes ranging

from equal size (1:1) to strong size imbalance (1:19).

The different PCA based approaches vary strongly in their performance on simulated data.

Interestingly, we always find a significantly batch-correlated PC, even if the batch effect

is very small (Fig. 3.4a, left image). The index-based scoring approaches turn out to be

insensitive to the degree of batch effect, whereas scaled PC regression, maximal correlation

and coefficient of determination, respectively, increase with the degree of batch effect.

However, we observe a correlation of 0.5 in a simulated dataset with almost non-existent

batch effect, which we consider a good example for false positive detection of a batch

effect.
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In contrast, kBET’s rejection rate increases most strongly by the degree of bias compared

with silhouette: silhouette shows little difference between 10 % and 20 % varied genes,

where kBET clearly discriminates the effect (Fig. 3.4b). Scaled PC regression increases

with the degree of batch effect, but also returns a significant result where only 1 % of genes

is varied. kBET performs well when only a few data points are biased by batch, as it still

reveals a substantial bias in size-imbalanced batches. Overall, kBET is clearly the most

sensitive and robust measure of batch effects in this comparison.

When we complemented the initial batch effect simulation with the Splat model, we fo-

cussed at first on dropout rates. In particular, we restricted our simulations to shifting

shape parameter k at several sample sizes, while we ensured the gene means being the

same in both batches (Fig. 3.5). We observed that by varying the shape parameter k, the

kBET starts to detect changes as little as ∆k = 0.05, whereas both PC regression and

silhouette coefficient start to rise for at least ∆k = 0.5 (Fig. 3.5a). In contrast, if no batch

effect is present, kBET reliably detects none. This indicates again that by investigating

neighborhoods of cells, as kBET does, we are able to detect subtle changes in the dataset,

that are invisible in a low-dimensional PCA plot (Fig. 3.5b).

However, the nature of dropout effect still allows for an almost perfect correlation of sim-

ulated means and dropout rates in both batches even for high deviation in the shape

parameter k (Fig. 3.5c, d). Furthermore, when dropout rates are higher, we observe lower

cellular detection rates (CDR), which still correlates strongly with the simulated library

size. When sample sizes are smaller, simulated data are noisier with respect to dropout

(Fig. 3.5d), which tends to be picked up by kBET more strongly than by PC regression

or silhouette. In total, kBET is detecting already little deviations in dropout rates that

are hard to detect via visual inspection. Thus, kBET is more sensitive to subtle changes

in the data, which PC regression or silhouette do not detect.

The third group of simulations uses the batch effect simulation option that is provided by

Splatter. For each scenario, we drew 1000 samples and created random subsets of the same

simulated dataset. For both variation of batch factor (ranging from 0.01 to 0.1) and batch

scale (ranging from 0.1 to 1), kBET decreases with the sample size, though we observe

both high silhouette coefficients and high amount of variance explained by batch effect

(Fig. 3.6a). Furthermore, we illustrated the dependence of kBET on the distance metric -

computing kBET on the original data space yields maximal rejection rates while using a

lower dimensional space removes noise from the data (Fig.s 3.6a and 3.7a, top panels). The

dependence of kBET from the sample size, however, is expected: By reducing the number

of samples, we also increase uncertainty in any evaluation of a neighborhood, leading to a

decrease in rejecting the null hypothesis.
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Figure 3.6: Simulation of batch effects as additional noise factor in one batch a Batch
effect analysis for several batch factors using kBET, PC regression (variance explained by batch
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Figure 3.7: Simulation of batch effects as additional noise scale in one batch a Batch
effect analysis for several batch factors using kBET, PC regression (variance explained by
batch effect) and silhouette coefficients (from top to bottom panels). kBET rejection rates
where computed for both the original data space and the default 50-dimensional PC-space
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and dropout of both batches. c PCA plot for the simulation shown in b.
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Variation of the batch scale and batch factor leads to considerably more noise in both mean

expression and dropout rates between batches (Fig.s 3.6b and 3.7b). Curiously, the batch

effect simulated here is completely described by the first principal component, which allows

to discriminate batches in a visual fashion, but the data is lacking considerable structure

otherwise (Fig.s 3.6c and 3.7c). That is a more pathological situation as batch effects

tend to distribute more over several principal components. By choosing a 50-dimensional

subspace for the k-nearest neighbor search, we may obscure the obvious distance that is

shown by the first principal component and kBET rejection rates may not reflect the clear

distinct pattern that is in turn picked up by both silhouette and PC regression.

In summary, kBET is sensitive to the distance measure used for k-nearest neighbor search

(see Fig.s3.6a and 3.7a). As a remark, we advice caution with the underlying distance

metric. Furthermore, we found decreasing rejection rates if the corresponding dataset

was too small. We observed a similar effect in the silhouette coefficient and the variance

explained. Thus, batch effect quantification relies on sufficient sample numbers. Overall,

kBET was the most sensitive tool the simulation study and outperformed alternative

measures based on PCA or the silhouette coefficient.

3.5 Using kBET to benchmark batch effect correction in

scRNA-seq data

In this section, we aim to determine best practices for scRNA-seq data normalization and

batch effect correction. A best practice for scRNA-seq is the first step towards standard-

ization of the scRNA-seq analysis pipeline and thus enhances comparability of different

datasets and reproducibility across studies, which is of particular importance with regard

to the Human Cell Atlas [Regev et al., 2017].

For this purpose, we analyzed six single-cell datasets derived from mice that cover both

microwell plate-based and droplet-based methods with sample sizes ranging from 100 to

3000 cells per batch. We demonstrate the performance and accuracy of 11 normalization

and 7 batch effect regression approaches (Fig. 3.8 and sections 2.3 and 2.4 for details).

Furthermore, we illustrate that visual inspection of low-dimensional embeddings in com-

plex cases may be ineffective to study the performance of batch effect removal. Hence, we

recommend an additional quantitative step after exploratory data analysis. When per-

forming tasks like clustering into cell types, which precedes differential testing, we have to

ensure that the low-dimensional embedding reflects neither incomplete nor over-corrected

data.
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Raw data
counts/
log(counts+1)

Normalization
CPM/log(CPM+1)
TPM/log(TPM+1)
scran pooling
TMM
RLE
MRN
yarn qsmooth

Batch regression
limma
ComBat
RUVs/r/g
PEER
f-scLVM
Seurat (CCA) 
MNN

Assessment
kBET
silhouette coefficient
scaled PC regression

visual (PCA, t-SNE)
highly variable genes 
(Anders model)

Figure 3.8: Batch correction assessment scheme. Overview of normalization and batch
regression methods as well as assessment approaches. Raw data as counts are either directly
batch corrected or normalized before correction.

dataset normalization batch correction

Klein et al log(counts+ 1)/scran pooling ComBat

Kolodziejczyk et al
2i log(CPM + 1) ComBat
a2i scran pooling ComBat
LIF TMM/log(CPM + 1) limma/ComBat

mouse embryo log(counts+ 1) ComBat

Table 3.1: Best overall normalization and batch correction methods The ranking of
batch correction strategies is based on kBET, retained HVG and false positive rates for Klein
et al and Kolodziejczyk et al data. For mouse early embryonic development data integration,
the ranking is based on both kBET and silhouette coefficient.

Moving beyond, we used kBET to detect batch effects in complex datasets and how to

address variability across individuals. In particular, we address the question of whether

it is possible to integrate separate studies, and show with mouse development datasets

that it is possible to correct for study-to-study effects. As a result, batch correction

based on log(counts+1), log(CPM+1) or scran pooling, together with ComBat or limma

regression, reduced the batch effect while preserving biological structure across all datasets

(Table 3.1). Further, kBET allows studying inter-individual variability based on a droplet-

based study with peripheral blood mononuclear cells (PBMCs).

3.5.1 kBET accurately captures batch effects in single-cell RNA-seq

datasets and outperforms visual inspection

Batch effects originate from different sources, as is evident when comparing technical

replicates. We investigated the mouse embryonic stem cell (mESC) LIF cultures of Klein
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Figure 3.9: ComBat corrects best on mESC inDrop technical replicates. a The inDrop
protocol provides a large UMI-count dataset with two technical replicates. PCA plots (b-d)
display log-normalized counts, a biology-removing batch removal (f-scLVM on log-transformed
CPM) and a biology-preserving batch removal (ComBat on log-transformed counts), respec-
tively. Density plots depicted on the axes show the frequency of the replicates along the PCs.
By visual inspection, both approaches shown in c and d appear equally well, but have very
different kBET results (e). e Percentage of retained highly variable genes vs. acceptance
rate (equals 1 - rejection rate) for all combinations of normalizations and batch regression
approaches. Arrows point towards the in b-d illustrated approaches and indicate strong per-
formance differences between f-scLVM and ComBat. f,g Venn diagrams of highly variable
genes per replicate before correction and for the whole dataset after batch correction. Highly
variable genes in each replicate are computed on log(counts+1) values. The f-scLVM method
retains 932 highly variable genes but has a high false positive rate, while ComBat captures all
the highly variable genes with a low false positive rate.

et al [Klein et al., 2015], which were generated with the inDrop protocol. The authors

provided two technical replicates in the samples of day 0 culture (Fig. 3.9a), which offers

an ideal case for batch correction assessment.

Prior to batch correction, we visualized the data and observed a clear inter-batch difference

as the shift of the technical replicates in the top 2 PCs (Fig. 3.9b). While we compared

all combinations of normalization and batch correction strategies, we illustrate major

performance differences on f-scLVM corrected log(CPM+1) values (Fig. 3.9c) and ComBat

corrected log(counts+1) (Fig. 3.9d) in terms of the top 2 PCs. Both appear successful in

removing batch effects according to visual inspection of the PCA. However, besides the top

2 PCs, we find 13 PCs have a significant correlation with the batch covariate in the f-scLVM
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case (FDR < 0.05), which explain 1.2 % variance in the data. Thus, the batch effect has

not been corrected and has become untraceable using data visualization. For ComBat

corrected log(counts+1), none of the PCs correlates significantly with the batch covariate.

The more sensitive kBET reveals that ComBat applied to log(counts+1) or scran pooling

removes batch effects best (y-axis inFig. 3.9e, ‘acceptance rate’ is the reverted ‘rejection

rate’), in contrast to incomplete batch correction performance of f-scLVM. The PCA plot

only shows the batch effect of the first two PCs, while kBET effectively quantifies more

subtle batch effects.

The second challenge in batch correction is to preserve biological heterogeneity in the

data, as described in section 3.3. Briefly, we determine the fraction of retained HVG after

correction (Fig. 3.9e-g), which indicates the preservation of the true biological signal (see

section 3.3 for details). The two technical replicates of mESCs share 1863 HVGbatch-free

and over 700 HVG reside in either of the replicates (Fig. 3.9f-g). After correction by f-

scLVM, we retained half of HVGbatch-free while we discovered over 5000 HVG in the whole

dataset (Fig. 3.9f and Fig. 3.10a-b), which explains f-scLVM’s minimal kBET acceptance

rate (Fig. 3.9e). When we compute the FPR on the basis of log(CPM+1) normalized data,

we find a FPR of 27 % (Fig. 3.10c). We obtained the best result for the combination of

log-transformed Counts and ComBat (Fig. 3.9d) - all HVGbatch-free were kept after batch

correction and only 295 HVG were caused by batch correction (8 % FPR, see Fig. 3.9g).

In conclusion, batch correction may confound observations massively, masking the biolog-

ical signal completely. In addition, even the best batch correction strategy leaves part of

the batch effect in the data (Fig. 3.9e, g). This explains the increase of the total amount

of HVG after correction (Fig. 3.10b) and FPR (Fig. 3.10c). Both the silhouette coefficient

and PC regression show little discrimination between most of the correction strategies

(Fig. 3.10d-e), whereas kBET resolves them in detail (Fig. 3.9e and Fig. 3.10d-e).

3.5.2 Deriving a best practice in batch correction

Next, we examined mouse embryonic stem cells cultured in three different conditions (2i,

a2i and LIF) [Kolodziejczyk et al., 2015a] and sequenced with the SMARTseq2/C1 protocol

(Fig. 3.11a). These datasets are rather similar in terms of heterogeneity, but the biological

origin of the heterogeneity in each culture condition is different (compare Kolodziejczyk

et al. [2015a] for details). Thus, applying the same batch correction and normalization

strategies led to similar results across all culture conditions. We obtained well-mixed

data for all datasets with log(CPM+1) normalization and batch correction with ComBat

(Fig. 3.11b and black arrows in Fig. 3.11c).
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Figure 3.10: Highly variable genes and kBET results upon batch regression. a Number
of retained highly variable genes before and after batch correction. Reference: Intersect of
highly variable genes per batch with log(counts+1) normalization. b Total number of highly
variable genes after batch correction. c False positive rates on highly variable genes for all
combinations of normalization and batch correction methods. d Comparison of silhouette
coefficient and kBET ‘acceptance rate’ (1-rejection rate). e Comparison of PC regression and
kBET ‘acceptance rate’ (1-rejection rate).

In all datasets, log-transformed count data are locally well-mixed in over 50 % of cases

(dark blue full squares in Fig. 3.11c and Fig. 3.12a). We notice a decrease in acceptance

rate in 2i and LIF culture when we compared count data to other normalization methods.

For batch effect correction, RUV controlled both acceptance rate and overlap in highly

variable genes, but we also noticed an increase in the total number of HVG (Fig. 3.12b) as

well as an increased false positive rate (Fig. 3.12c). Furthermore, increasing the number of

factors used in RUV increases batch effect removal only slightly (Fig. 3.13). In contrast,

ComBat increased the acceptance rate, preserved almost all HVGbatch-free in all datasets

and had a low false positive rates at the same time.

In a2i, we observed almost perfect mixing in log-transformed data, but we also found that

a considerable amount of cells are isolated, i.e. they do not have a mutual nearest neighbor

(Fig. 3.14a-c). These cells are implicitly removed from the local structure evaluation. If

the isolated cells have a different label composition than the global dataset, we find strong

differences in kBET’s rejection rate if isolated cells remain unconsidered (Fig. 3.14d,e).
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Figure 3.13: kBET results for several factors of RUV and PEER in 2i (left), LIF (center) and
a2i (right) culture, respectively.
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Therefore, we adapted the expected label composition such that we can neglect the isolated

cells (see section 3.1.5). In general, we considered a correction strategy is ill-advised if it

produces considerable amounts of isolated cells when removing batch effects (Fig. 3.12a).

The performance of batch correction methods varied slightly from dataset to dataset

(Fig. 3.11c). In order to test the dependence of batch correction performance and the num-

ber of batches, we subset the 2i data to combinations of three and two batches (Fig. 3.15).

The 2i dataset consists of four batches, all biological replicates. The comparison of t-SNE

and PCA representation of the data (Fig. 3.15a) shows four clusters in the t-SNE plot that

are indistinguishable in the PCA plot. Moreover, two of these clusters belong to separate

batches, while the other two batches are in close proximity, which is in accordance with

the low kBET acceptance rate (Fig. 3.12a). This example also illustrates how a PCA plot

can be misleading, as the batches overlap to an extent in the PCA.

As the four batches appear qualitatively different, we created four subsets of the 2i dataset

by leaving out each of the four batches one by one. Then, we performed batch correction

with ComBat, limma and RUVg (k = 3) and compared the results with kBET before and

after regression (Fig. 3.15b). Notably, we find fairly different acceptance rates for each of

the methods depending on the test set composition. ComBat and limma performed best

on a test set with batch 2 removed where we also find the highest acceptance rate before

correction. In contrast, RUVg has the highest acceptance rate for a test set with batch 4

removed. Pairwise comparisons of the batches show that batch 2 separates from each of

the other batches (Fig. 3.15c), with acceptance rates of 0 (upper right-hand corner in each

plot of Fig. 3.15c). In contrast, cells in the other batches mingle to different degrees. A

possible reason is that, in these batches, library size and number of detected genes do not

correlate well (Fig. 3.15d). On one hand, this shows that kBET results are not dependent

on the number of batches but on the degree of batch effects. This example shows that if

the degree of batch effect is different across samples, the ability to reduce batch effects is

lower in limma and ComBat. On the other hand, we saw that depending on the subset

chosen, we would either chose ComBat, limma or RUVg as the best performing method

(Fig. 3.15b).

In summary, depending on the combination of batches, we observed performance differ-

ences in batch effect correction that was independent on the number of batches and rather

explicable by batch-specific dissimilarity. We demonstrated that classical batch correction

tools, in particular ComBat, successfully remove batch effects and preserve the biological

signal (Table 3.1).
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Figure 3.15: Batch regression assessment for subsets of mESCs data reveal perfor-
mance differences. a Visualization of TPM normalized 2i culture. Left: tSNE, Right: PCA. b
kBET acceptance rates for all subsets of 3 batches with log(counts+ 1) normalization. Batch
correction success varied among test sets. c t-SNE plots for all combinations of 2 batches.
kBET acceptance rate is depicted in upper right-hand corner in each plot. Batch 2 does not
mix with either of the other batches. d Boxplot for library size (left) and number of detected
genes (right) of the dataset.

3.5.3 Time and memory test of the batch regression methods

Apart from accuracy of a model, computational efficiency plays a key role in the feasibility

of large-scale single-cell transcriptomic data analysis. Hence, a batch correction model

needs to provide both accurate results and efficient implementation. In this context, we

recorded the CPU time and maximal memory required to run each of the batch regression

methods on the data from Kolodziejczyk et al. [2015a] (Fig. 3.16). The method with

least CPU time and memory requirements is limma’s removeBatchEffect, which is based

on simple least-square-fit. ComBat is the second fastest program and requires within

2G memory. Next are the different flavours of RUV. The factor analysis based models

f-scLVM and PEER are slowest, but PEER is quite memory efficient.
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Figure 3.16: Time and memory tests on SMARTseq2 mESC data from Kolodziejczyk
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In general, regression based approaches outperform factor analysis based approaches in

terms of both time and memory.

3.5.4 Dropout handling in batch effect correction of scRNA-seq data

The term dropout describes the observation of sparsity in scRNA-seq data. On the one

hand, dropout is a false negative observation - an mRNA transcript from a certain gene was

not captured in the experiment. On the other hand, dropout is a true negative observation

- the gene was not expressed due to the stochastic nature of gene expression [Elowitz et al.,

2002]. Eraslan et al. [2019] have shown that increasing dropout rates reduces the signal-

to-noise ratio in a way that reliable clustering of the data into cell types becomes infeasible.

In the example of inDrop count data [Klein et al., 2015], we found ∼ 55 % dropout, where

the first batch has a slightly larger dropout rate than the second batch (see Fig. 3.17a).

Thus, batch effects can also manifest in different dropout rates. The scatter plots displays

only those methods, where we can define dropout at all (i.e. TMM or MRN normalized

data consist as well of negative values making it is difficult to track dropout in a general

fashion).

Let us describe the dropout handling at the example of ComBat: First, it converts data

internally into Z-score (i.e. set gene mean to zero and variance to one), then shifts gene

expression for each according to its batch ID and converts back into the original space.

Gene means are shifted regardless to the actual expression level, which means for count or
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CPM data that the lower limit of gene expression is shifted as well. Hence, an originally

zero valued entry might be shifted in one batch to positive values and in another batch to

negative values. That leads to the observation, that the dropout rate sinks dramatically

in one batch compared to the other (see Fig. 3.17a). However, if one wishes to keep the

original lower limit (i.e. preserves all zero entries), the batch correction with ComBat

(plus zero-value preservation) has a kBET rejection rate of 1, due to differences in the

dropout rate (see Fig. 3.17b).

For latent variable methods as RUV or f-scLVM we found that dropout decreased in

remarkably in both batches, but dropout rate differences where not alleviated. All in all,

we think that dropout in scRNA-seq has to be addressed more thoroughly, for example,

by imputation [Eraslan et al., 2019, Li and Li, 2018].

3.6 Going beyond batch effect correction

The sensitive and unbiased k -nearest neighbor batch effect test allows studying sophisti-

cated systematic bias in scRNA-seq data. In particular, batch effects are prominent factors

to address in data integration, where the cell type composition may vary across datasets.

Here, we apply kBET cluster-wise to account for differences in cell type composition across
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studies. Furthermore, kBET allows quantifying variability across individuals, if we can

exclude batch effects experimentally by pooling all cells and reconstruct a cell’s donor

via phenotyping with tools such as demuxlet [Kang et al., 2018]. The following sections

demonstrate the versatile applications of kBET for scRNA-seq data.

3.6.1 Going beyond replicates - dataset integration across multiple stud-

ies

With the explosion of scRNA-seq data in recent years [Angerer et al., 2017], we begin to

realise the need for a comprehensive strategy of data integration. Of course, correcting

batch effects between different studies is more challenging than within the same study,

especially, if cell types vary between studies. In this work, we benchmark the batch cor-

rection performance on 8 different SMARTseq based datasets [Biase et al., 2014, Boroviak

et al., 2015, Deng et al., 2014, Fan et al., 2015, Goolam et al., 2016, Liu et al., 2016, Wu

et al., 2016, Xue et al., 2013], all profiling mouse early embryonic development from oocyte

to blastocyst (Fig. 3.18a).

We observe a range of library sizes from 106 to 108 reads per cell, depending on the study

(Fig. 3.18b). Batch effects before correction are quite obvious even in PCA (Fig. 3.19a-b):

Biase et al data and Deng et al data deviate significantly from the others (average ac-

ceptance rate of 16 %). Consequently, the cells are more likely to cluster by study rather

than embryonic developmental stage. However, we observe that it is possible to correct

the batch effect computationally: the best results are with ComBat on log(counts+1)

(Fig. 3.19c-d) with an average acceptance rate of 62 %.

When integrating developmental data, we expect that the same cell types from different

studies mix, maintaining the correct trajectory of successive developmental stages. Hence,

we assess the batch effect of each developmental stage based on averaged kBET results. In

parallel, we monitor the developmental progression by silhouette(Fig. 3.19e). A high ac-

ceptance rate implies good mixing within each developmental stage, and a good separation

of developmental stages translates into higher silhouette coefficients. Before correction the

developmental stages separate weakly (silhouette 0.08 for log(counts+1)). After correction

with linear methods as limma and ComBat, we observe distinct clustering according to

developmental stages, but only ComBat achieves a good mixing of study batches. Notably,

the PC1 corresponds to the real developmental time of the cells.

As desired, one of the normalization and regression methods captures both the develop-

mental stages and mixes the data from different studies. ComBat with log(counts+1)

yields high acceptance rates and clear clustering by developmental time. Surprisingly,

Seurat’s CCA alignment is among the top performing methods and yields the second best
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Figure 3.18: Overview of data from early mouse development from 8 different
datasets.a Number of cells per development stage and study. b Sequencing depth for ev-
ery cell distinguished by development stage (shapes) and study (colors). Library size varies by
study rather than cell type.

kBET result for log(CPM+1), but a silhouette coefficient of approx. 0 indicates overcor-

rection. MNN also yielded a low acceptance rate, and improved clustering by cell types

only for counts, possibly due to low sample numbers.

This example illustrates how batch effect correction tools can play a key role in data inte-

gration and provide an effective separation of the biological signal from complex technical

variations. In this work, we considered each study as one batch and ignored any tech-
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nical substructure within the studies. Furthermore, cell type distribution as well as cell

collection time points differed slightly across studies, which made the task more difficult.

Data quality plays an essential role for successful data integration: for instance, batch

correction quality is very limited if one aims to integrate poor quality data. For future

data integration efforts with more complex data structure and less prior knowledge on

cell types, the community needs more sophisticated batch correction methods that model

nested batch structures and several batch variables.

We remapped the reads to the same reference transcriptome with Salmon [Patro et al.,

2017] to reduce quantification biases [Teng et al., 2016]. Interestingly, even different ver-

sions of Salmon resulted in different degrees of batch effect. We have used both Salmon

v0.7.2 and v0.8.2 (with the same reference) to map the reads and quantify expression levels

with TPM. Surprisingly, the two versions of Salmon produce different results in terms of

batch effects. When we inspected PCA plots, Salmon v0.7.2 appears to produce much less

of a batch effect, while v0.8.2 produces significant batch effects in the studies of Baise et

al and Deng et al (Fig. 3.20). Hence, bioinformatic pre-processing has to be considered as

source of technical bias.

However, we find almost no difference in the datasets after batch correction by limma

(Fig. 3.20c-d and g-h). This result indicates another important aspect of batch correction:

each study uses a specific set of bioinformatic tools for pre-processing and genomic refer-

ences, and as these tools differ from study to study, we deal with the batch effect known

as mapping bias. To reduce this source of variability in the data, it is advisable to map

the reads of each study to the same reference genome using the same tool to control the

mapping bias.
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Figure 3.20: PCA plots of mouse early embryo development data based on mapping
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3.6.2 Going beyond batch effects - kBET detects variability between

individuals in PBMC data

As pointed out in the introduction, the distinction between biological and technical vari-

ability can sometimes be challenging. In order to estimate pure biological variability with

kBET, we studied a human PBMC dataset from eight unrelated individuals where samples

were pooled during scRNA-seq and the corresponding individual donor identity for each

cell was then reconstructed using demuxlet [Kang et al., 2018]. Hence, technical variation

is entirely absent when we compare cells from different individuals. Clustering and t-SNE

visualization reveals several cell types (Fig. 3.21a). Furthermore, cell type frequencies

vary significantly between individuals (Fig. 3.21b). Note that all samples were distributed

across three independent experiments (batch A: individuals 1 - 4. batch B: individuals 5

- 8 and batch C: all individuals). Cell type frequencies are very similar between batches,

thus excluding sampling bias.

We applied kBET to estimate inter-individual-variability in all these experimental batches.

Surprisingly, we found much higher acceptance rates in some cell types than for the com-

plete dataset, even though we downsampled all tested cell types to the same sample size

(Fig. 3.21c-d). We interpret this as variation in bulk being driven not only by single cell

expression differences but also by variation of cell population sizes. Furthermore, kBET of-

fers a sensitive and unbiased way to estimate inter-individual-variability within the same

cell type, which is a novel context to be explored. Furthermore, in the context of the

Human Cell Atlas, the community is discussing whether to sequence more cells or more

subjects. Based on the kBET result showing overall variation driven by differences in

cluster proportions, we would argue for more cells from fewer donors for complex samples

such as PBMCs (in contrast to some preprints such as Bhaduri et al. [2017]).
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Figure 3.21: kBET detects inter-individual-variability in PBMC data. PBMC data from
8 unrelated individuals processed in three experiments (batches) (Chromium 10X Genomics
device) and whose cell identity was reconstructed using demuxlet [Kang et al., 2018]. We apply
kBET as sensitive indicator for inter-individual-variability. a tSNE plot of all data. Cell types
are annotated as in original publication. b Cell type frequencies per individual and batch. Cells
were prepared once and processed in two separate runs. Inter-individual-variability is stronger
than preparation bias. c kBET rejection rates for each experiment using the individual ID as
batch variable. For assessment, we downsampled abundant all cell types and the complete
dataset, respectively, to the same number of cells. We observed that kBET yields higher
rejection rates if we take the complete dataset (and neglect variation in cell type frequencies)
while rejection rates are lower for the respective cell types. d kBET rejection rates for several
subsets of the complete dataset. Subsample sizes were chosen from 10 to 100 % of the data
sample size. Subsampling was repeated three-fold and kBET rejection rates were averaged
across these replicates to reduce bias from subsampling. With decreasing sample size, we
find decreasing rejection rates. This result is due to decreasing certainty for each tested
neighborhood as it leads to enhanced failure to reject the null hypothesis.
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3.7 Discussion and outlook

Batch effects in single-cell RNA-seq data can have a severe impact on downstream data

analysis if they are not properly accounted for. Moreover, they have a substantial random

noise component that stems mostly from technical factors of the experiment. In the sim-

plest possible case, where we have technical replicates that are otherwise homogeneous,

ComBat corrects the data and preserves the underlying biological properties. On biolog-

ical replicates with greater batch-to-batch variability, such as two independent cultures

of the same cell type, ComBat again performs well because of its regularization for low

sample numbers. A study using ComBat on complex tissue data finds similar results [Liu

et al., 2018].

Many batch correction methods have been designed to correct bulk RNA-seq or microar-

ray data. With little or no adaptation, they can be and are applied to single-cell RNA-seq

data. While single-cell RNA-seq data mirror cell-to-cell variability, they are much sparser

because of stochastic gene expression and dropouts in the experiment. Yet, batch effect

correction approaches from bulk era do not address the expression distribution of single-

cell RNA-seq. A mere mean shift and variance stabilization would not take into account a

batch-to-batch difference that is solely addressing dropout rates (see section 3.5.4). Fur-

thermore, dropout and cellular detection rates (CDR) [Finak et al., 2015, Hicks et al., 2017]

are closely correlated to library size (Fig. 3.22). The single-cell specific approaches model

stochastic expression and dropout explicitly [Risso et al., 2018] or implicitly [Buettner

et al., 2017]. As zeros in gene expression comprise both biological and technical variation,

several approaches aim to impute dropout to rescue biological information [Eraslan et al.,

2019, Huang et al., 2018, Li and Li, 2018, van Dijk et al., 2018]. For complex tissue data,

matching similar populations with CCA [Butler et al., 2018] or MNN [Haghverdi et al.,

2018] provide a generalized, nonlinear modelling approach compared to e.g. ComBat.

The two approaches (CCA and MNN) are independent of population density variations

in contrast to ComBat [Butler et al., 2018, Haghverdi et al., 2018]. Moreover, with thou-

sands of measured cells per dataset, optimal memory usage and efficient implementation

will be as important as accurate correction for confounders (section 3.5.3). Furthermore,

batch effect correction is also approached with neural networks such as generative model-

ing (scGen [Lotfollahi et al., 2018] and scVI [Lopez et al., 2018]), and general adversarial

networks [Ghahramani et al., 2018]. These novel approaches unfold huge potential to

batch effect correction and to data integration across various conditions and species in

particular.

In contrast to batch correction with regression models, normalization aims to reduce cell-

to-cell bias within a batch. Previous studies have discussed appropriate scaling factors [Fi-
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Figure 3.22: Normalization affects CDR - library size relation in SMARTseq data
Comparison of cellular detection rate (CDR) effect and library size for inDrop UMI data (Klein
et al) a-b and C1 SMARTseq data (Kolodziejczyk et al) c-d. a and c show CDR for count
data, b and d show CDR for CPM normalized data where any gene was counted as detected
if CPM > 1. Blue line shows a linear fit of CDR (y) to library size (x) and batch variable
(z) and R2 denotes the variance explained by the model. Grey shaded areas indicate standard
error of the fit. In UMI data, the library size explains largely the CDR effect independent of
normalization a-b. In SMARTseq data, we observe a significant contribution of library size to
CDR effect c which is lost in CPM-normalized data d.
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nak et al., 2015, Vallejos et al., 2017], but we found that normalizing for library size

with CPM consistently increased batch effect compared to raw count data. Furthermore,

the number of genes per cell and the library size may not correlate well across batches

(Fig. 3.15d and Fig. 3.22). Nevertheless, CPM normalization and the more advanced

scaling with scran in combination with ComBat worked very well in deeply sequenced

SMARTseq2/C1 data (Fig. 3.11 and table 3.1). In addition, all batch effect correction

methods require a certain statistical property in their model. For example, RUV requires

count data with negative binomial distribution. If the data input in RUV violates the

model assumption, RUV introduces additional variability to the data, which we described

as isolated cells (section 3.1.5). In total, a simple linear tool such as ComBat showed the

best performance in terms of batch correction in our test settings.

The k-nearest neighbor batch effect test (kBET) approach is a powerful tool for the com-

parison of batch effect correction schemes, as it allows the study of high-dimensional data

without prior assumptions regarding statistical properties. Analysis tasks like clustering

into cell types or ordering cells by pseudotime [Saelens et al., 2018] rely on batch-effect cor-

rected data. Still, the underlying model assumption requires equivalent, interchangeable

batches. While simple, the translation into balanced experimental design is challenging.

For complex experimental setups as time series data collection, only collecting and sequenc-

ing all cells of all time points together prevents confounding with both technical factors

and biological variation between samples. The demuxlet [Kang et al., 2018] approach al-

lows quantitative assessment of inter-individual variability without technical confounding

and kBET’s heterogeneity statistics is a useful measure for biological variability across

individuals. Interestingly, kBET detects significant variation within a cell type even after

accounting for frequency shifts (acceptance ≈ 0.75− 0.9 for each cell type vs. 0.62− 0.72

for complete data).

In the worst case, batch effect correction may fail completely if data lack a minimum level

of quality. By quantifying batch effects before and after correction with kBET, we are able

to detect poor quality correction or poor quality data. We expect this discussion to have

serious impact on experimental design decisions in emerging single-cell expression atlases

such as the Human Cell Atlas [Regev et al., 2017] and the Mouse Cell Atlas [The Tabula

Muris Consortium, 2018].
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Chapter 4

Deciphering the lineage hierarchy

in the small intestinal epithelium

Ich möchte die Natur verstehen,

ich möchte wissen, wie es dazu

gekommen ist, dass etwas so ist,

und zwar genau und

nachprüfbar und nicht geglaubt

oder kulturell eingeprägt.

Christiane Nüsslein-Volhard

In this chapter, we aim to infer the lineage specification of all major cell populations in

the small intestinal epithelium. While most cell types of gut epithelia are known, the

lineage hierarchy is still under debate. In particular, little is known about the decision

making process in intestinal stem cells and early progenitors. This chapter is based on the

following manuscript: A. Böttcher, M. Büttner, S. Tritschler, M. Sterr, A. Aliluev, I.

Burtscher, S. Sass, M. Irmler, J. Beckers, C. Ziegenhain, W. Enard, A. C. Schamberger, F.

M. Verhamme, O. Eickelberg, F. J. Theis, and H. Lickert. Wnt/planar cell polarity primed

intestinal stem cells directly differentiate into enteroendocrine or Paneth cells. Manuscript

in revision

Here, we present the analysis of single-cell transcriptomic data of whole crypt cells as well

as enriched samples from transgenic mice. This dataset consists of 14 batches with over

75, 000 single cells. Therefore, this is a prominent use-case to demonstrate the importance

of batch effect correction in data integration and the potential of the computational models,

which we reviewed in Chapter 2. In particular, computational models for data analysis

should be developed in a data driven way to unfold its full potential. Here, different

cell type compositions motivated the development of a modified version of ComBat for

batch effect correction. It must be noted that the author of this thesis conducted the

complete scRNA-seq data analysis, interpreted and discussed the results. The main focus

of the scRNA-seq analysis is to robustly infer the cellular hierarchy in lineage commitment.
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Figure 4.1: Competitive models in small intestine lineage determination. ISCs dif-
ferentiate into an absorptive and secretory lineage. The lineage for secretory cells is largely
debated. For example, Grün et al. [2016] inferred a bipotent progenitor for Paneth and goblet
cells from single-cell RNA-seq, Kim et al. [2016] reported multilineage priming in ISCs and
Buczacki et al. [2013] reported a Lgr5+ label-retaining cell (LRC) being committed to Paneth
and enteroendocrine lineage, respectively.

Experimental data collection such as immuno-staining, imaging, cell counting per crypt,

and respective statistical analysis was performed by Anika Böttcher and co-authors.

The aim is to prove cell fate priming in intestinal stem cells and to disprove the concept of

multipotent progenitors in the gut. First, we introduce the biological methods and data

collection. Then, we outline the single-cell RNA-seq analysis steps that are fine-tuned

towards the characteristics of the data set. In the results part, we present an overview of

the data set and its cell type annotation based on transcriptomic profiling. Further, we

analyzed the enrichment with FVR+ and FVF+ cells.

The small intestine has a constant self-renewal throughout adult life. A detailed under-

standing of intestinal stem cell (ISC) self-renewal and differentiation is required for better

treatment options for a variety of chronic intestinal diseases. The lineage hierarchy of

the intestinal epithelium is subject to a controversial debate [Buczacki et al., 2013, Grün

et al., 2015, 2016, Kim et al., 2016, Muñoz et al., 2012, van der Flier and Clevers, 2009]

(see Fig. 4.1).

Several signaling pathways are involved in the regulation of proliferation, stem cell main-

tenance, differentiation, and cell positioning within the crypt. Briefly, canonical Wnt/β-

catenin signaling controls stem cell maintenance, but is strongly balanced by proliferation

limiting signaling [van der Flier and Clevers, 2009]. Notch signaling supports stem cell

maintenance and determines the differentiation into secretory and absorptive lineages, re-
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spectively [Fre et al., 2005]. While Haber et al. [2017] present an extensive survey of cell

types of the small intestinal epithelium, they do not speculate on lineage priming or the

existence of multipotent or bipotent progenitors. Furthermore, a quiescent label-retaining

cell (LRC) in the supra-Paneth cell position (‘+4’ position relative to the crypt bottom)

has been reported [Basak et al., 2017, Buczacki et al., 2013, Muñoz et al., 2012]. Its pro-

genies preferentially differentiate into Paneth and enteroendocrine cells. In contrast, Grün

et al. [2015] reported a homogeneous stem cell population based on single-cell RNA se-

quencing.

However, Kim et al. [2016] report multilineage priming early on in the stem cell regime.

Lastly, Grün et al. [2015] used transcriptomic profiling of single-cells and a clustering

algorithm for rare cell types to postulate a common goblet/Paneth cell progenitor.

In this chapter, we report the identification of Lgr5+ ISCs that express Flattop (Fltp),

a Wnt/planar cell polarity (PCP) reporter and effector gene. Functional analysis and

lineage tracing revealed that Wnt/PCP-activated Fltp+ ISCs are primed towards either

the enteroendocrine or Paneth cell lineage in vivo, while retaining self-renewal and multi-

lineage capacity in vitro.

Surprisingly, canonical Wnt/β-catenin- and non-canonical Wnt/PCP-activated Lgr5+ ISCs

are indistinguishable by the expression of stem-cell signature or secretory lineage specifying

genes. Hence, lineage priming and cell-cycle exit is triggered at the post-transcriptional

level by polarity signaling, thereby repressing canonical Wnt signaling. Pseudotempo-

ral ordering of targeted single-cell gene expression data allowed us to delineate the ISC

differentiation path into enteroendocrine and Paneth cells. Thus, our data supports the

direct lineage allocation model (see Fig. 4.1). To complement, a heterozygous knockout of

Wnt/PCP signaling cascade (Celsr1 ) lead to a reduced number in Paneth cells as well as

less proliferative Paneth progenitors. Therefore, active Wnt/PCP signaling is crucial for

the normal development of Paneth cells.

4.1 Data collection

This section presents the experimental approach of this study. Experiments where carried

out by Anika Böttcher and are described briefly.

Animal studies

Animal experiments were carried out in compliance with the German Animal Protection

Act and with the approved guidelines of the Society of Laboratory Animals (GV-SOLAS)
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Figure 4.2: Transgenic mouse line reporters. a Structure of the Flattop-Venus reporter. b
Structure of the Foxa2-Venus fusion reporter.

and of the Federation of Laboratory Animal Science Associations (FELASA). We used

the following mouse models including transgenic mice (see Fig. 4.2):

• C57BL/6J strain (control mice)

• FltpZV (C57BL/6J): knockout-knockin reporter — the open reading frame of Fltp

was replaced by LacZ and H2B-Venus [Gegg et al., 2014],

• Foxa2-Venus fusion (C57BL/6J): open reading frame of Foxa2 is fused to Venus

• Celsr1crsh/+ (BALB/c): Celsr1crsh/+ is a mouse line with a heterozygous missense

mutation in the Celsr1 coding region [Curtin et al., 2003].

• Celsr1crsh/+; FltpZV/ZV (mixed BALB/c, C57BL/6J background). For single-cell

RNA-seq, we used mice with Fltp knockout and Celsr1crsh/+ heterozygous locus.

All experiments were performed using 3-6-month-old mice, unless indicated otherwise.

Crypt isolation, single cell preparation for FACS, sequencing

Isolation and culture of small intestinal crypts and organoid culture was performed as

follows. Briefly, intestines were harvested and washed with PBS. Villi were scraped away

using coverslips. The remaining tissue was cut into 2 cm pieces and incubated in 2 mM

EDTA for 35 min at 4°C. Finally, crypts were collected by shaking.

For single cell preparation, the crypt pellet was resuspended in 1 − 1.5 ml TrypLE, incu-

bated on ice for 5 min, followed by 5 min incubation at 37°C in a water bath. Then, 6 ml of
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crypt complete medium containing 10 % FCS and 10µg/ml DNase were added, and cells

were incubated for 5 min at 37°C in a water bath. The cells were gently resuspended by

pipetting up and down 20 times, 10 ml FACS buffer (2 % FCS, 2 mM EDTA in PBS) was

added and the cells were centrifuged at 300× g, 5 min, 4°C. Cells were washed twice with

FACS buffer and finally the cell pellet was re-suspended in 1− 2 ml FACS buffer contain-

ing 10µM Rock-Inhibitor (Sigma, Y0503), and cells were passed through the 40µm cell

strainer caps of FACS tubes. Venus-positive cells were enriched by flow cytometry based

on Venus fluorescence levels and dead cells were excluded using 7-AAD viability staining.

Single cell libraries were generated using the ChromiumTM Single cell 3’ library and gel

bead kit v2 (PN # 120237) from 10X Genomics. Briefly, to reach a target cell number of

10.000 cells per sample, 16.000 cells per sample were loaded onto a channel of the 10X chip

to produce Gel Bead-in-Emulsions (GEMs). This underwent reverse transcription to bar-

code RNA before cleanup and cDNA amplification followed by enzymatic fragmentation

and 5’ adaptor and sample index attachment. Libraries were sequenced on the HiSeq4000

(Illumina) with 150 bp paired-end sequencing of read 2.

4.2 Computational analysis of single-cell RNA-seq data

This section presents the computational analysis of the scRNA-seq data in this study. The

steps of the data analysis follow the general workflow described in Chapter 2. Sequence

alignment and cell filtering was performed by Sophie Tritschler.

Pre-processing of droplet-based scRNA-seq data De-multiplexing and alignment

to mm10 mouse genome, identification of unique molecular identifiers (UMI) and barcode

filtering was performed using the ‘CellRanger’ toolkit (version 2.0.0) provided by 10X Ge-

nomics. We performed a further barcode (=cell) selection step and additionally included

cells with more than 1,000 expressed genes, where a gene is counted as expressed if we

found at least one UMI mapped to it. We further filtered cells with a fraction of counts

from mitochondrial genes > 10 % indicative for stressed or dying cells.

We removed doublets by computing the doublet score from scrublet [Wolock et al., 2018]

on the UMI count matrix separately for every sample. Using a threshold of 0.4, we re-

moved 1651 cells from the analysis.

Cells from all samples were log-normalized and batch corrected using ComBat as Python

implementation. It must be noted that we observed an overrepresentation of Paneth cells

in the FVR-enriched samples (with 50 % and 90 % enrichment, respectively), where we

subsampled the Paneth cell populations to 15 % to fit the cell type distribution of all



108 CHAPTER 4. DECIPHER THE INTESTINAL LINEAGE HIERARCHY

other samples before we corrected with ComBat. Then, we used the pre-computed re-

gression coefficients to correct for batch effects in the filtered cells and merged them with

the full data set. Further, we fixed all zero values to remain zero in order to preserve

the support of the count data (see section 4.2.1). We evaluated the degree of the batch

effect per cell type using kBET and the silhouette coefficient [Büttner et al., 2019] (see

Chapter 3).

We computed the top 2,000 highly variable genes based on mean and dispersion (i.e.

pp.filter genes dispersion in Scanpy [Wolf et al., 2018a] v. 1.3.1 in Python 3.6 with

the flavor ‘cell ranger’ to compute normalized dispersions [Zheng et al., 2017]). Fur-

ther, we corrected for the library size by scaling the reads per cell to the factor 100,000

(pp.normalize per cell in Scanpy v. 1.3.1 in Python 3.6).

Dimension reduction We used a UMAP [McInnes and Healy, 2018] to represent the

data in the two-dimensional embedding and data visualization (tl.umap). This was cre-

ated based on a PCA-space with n=50 components, and the k-nearest neighbor graph on

the PCA-space with k=30 (tl.pca and pp.neighbors). PCA etc. was computed on the

scaled and normalized data with 2,000 highly variable genes.

Clustering and cell type annotation We determined the clustering and cell type

annotation for the control samples as follows. We inspected first marker gene expres-

sion for respective major cell types and computed gene scores using known marker genes

(see table 4.1, tl.score genes, based on Satija et al. [2015]). Analogously, we com-

puted a cell cycle score to determine the respective cell cycle phase state of the cells

(tl.score genes cell cycle, based on Satija et al. [2015], gene set specifying S and

G2/M phase were taken from Tirosh et al. [2016]). Then, we performed clustering using

the louvain algorithm [Blondel et al., 2008] (tl.louvain with default resolution parameter

1.0) and found 18 clusters. Here, we annotated and merged clusters again according to

the gene scores and marker gene expression. Here, we also identified 1589 immune cells,

which were extremely distinct from the remaining cells.

Subsequently, we inspected all main clusters for substructure and resolved it further based

on marker gene expression. Here, we used louvain clustering with resolution parameters

∼ 1 − 2 and merged the sub-clusters again according to marker gene expression (hi-

erarchical ‘split-and-merge’ approach). Finally, we annotated 7 major cell types (ISC,

enterocytes, goblet cells, Paneth cells, enteroendocrine cells and tuft cells), subdivided

them into progenitor and mature cells. In the ISC population, we identified a Paneth

primed ISC population that was more similar to the Paneth progenitor population.
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Cell type Gene names

ISC Lgr5, Ascl2, Olfm4, Prom1, Axin2, Fzd2, Fzd7, Lrp5,
Lrp6, Notch1, Hes1, Smo, Yap1

Enterocyte Elf3, Sis, Fabp1
Goblet cell Muc2, Spdef, Foxa1
Paneth cell Lyz1, Mmp7, Dll4

EEC Gfi1, Neurog3, Neurod1, Chga, Chgb, Isl1, Arx, Pax6,
Foxa2, Sst, Gck, Gcg, Tph1, Pyy

Tuft cell Dclk1, Ptprc, Avil

Table 4.1: Overview on marker genes used for cell type scoring.

For the mutant samples, we employed a k-nearest neighbor approach to match every cell

to the corresponding cluster (k = 30), i.e. we derived the cell identity of the mutants

from the cell identity of neighboring cells of the control samples, which we annotated

beforehand. Again, we identified 2289 immune cells, which we removed from analysis.

Differential expression analysis We used the limma package [Ritchie et al., 2015]

(version 3.34.9 in R 3.4.3) to study differential expression. First, we excluded the FVF

enriched samples and mutant samples. In order to determine differentially expressed genes

between ISCs and progenitor populations, we tested pairwise progenitor populations vs

ISC (without Paneth primed ISCs) and Paneth progenitors vs goblet progenitors. It must

be noted that differential expression was performed on the log-normalized (not batch-

corrected) data, where we included the sample information (i.e. batch) as covariate. In

addition, we excluded all genes with mean expression < 0.05. We considered only signif-

icant genes (FDR < 0.05) with logFC > 0.05. For the analysis of transcription factors,

we filtered differentially expressed transcription factors (gene ontology ID GO:0003700

(transcription factor activity)) with the biomartr package (version 0.7.0 in R 3.4.3) [Drost

and Paszkowski, 2017] with a p-value threshold padj < 10−5.

Analogously, in order to determine differentially expressed genes between mutants and

control samples (without FVF enriched samples), we tested every cluster separately with

limma. It must be noted that differential expression was performed on the log-normalized

(not batch-corrected) data, where we included the number of expressed genes as covariate,

but not the sample information (i.e. batch) due to confounding of genetic condition and

sample covariates. In addition, we excluded all genes with mean expression < 0.05. We

considered only significant genes (FDR < 0.05) with logFC > 0.05. For the analysis of

transcription factors, we filtered differentially expressed transcription factors (gene ontol-

ogy ID GO:0003700 (transcription factor activity)) with the biomartr package (version
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0.7.0 in R 3.4.3) and with an adjusted p-value threshold padj < 10−5 (Benjamini-Hochberg

correction).

Identifying cell differentiation trajectories via graph abstraction To derive cell

trajectories, we computed a pseudotemporal ordering using diffusion pseudotime (DPT,

tl.dpt in Scanpy) [Haghverdi et al., 2016]). As the topology of the data is complex, we

used partition-based graph abstraction (PAGA) [Wolf et al., 2018b] to quantify the connec-

tions between the clusters (i.e. connections of ISCs to respective progenitors and mature

cell types, tl.paga in Scanpy). We display all connections with a scaled connectivity of

at least 0.05 (‘threshold’ parameter in pl.paga in Scanpy).

Gene Set Enrichment Analysis We performed a gene set enrichment analysis based

on both GO [Ashburner et al., 2000, Consortium, 2016] terms and KEGG [Kanehisa

et al., 2016] terms using g:profiler [Reimand et al., 2016]. In particular, we adapted the

Python wrapper from V. Svensson (https://github.com/vals/python-gprofiler). We set the

background to all expressed genes and removed all resulting gene sets with significance

level p ≥ 0.05. Further, we split the input data set by the sign of the log-fold change,

such that we considered up-regulated and down-regulated gene sets separately in each set

of differentially expressed genes. For visualization of gene set significance, we abridged

p-values at 10−10.

4.2.1 Batch correction using a modified version of ComBat

In the previous Chapter 3, we have found that the empirical Bayes method ComBat [John-

son et al., 2007] preserves vastly the biological signal while removing batch effects in case

that all samples are similar. The method assumes that the gene mean expression is similar

for all batches. The assumption holds true, if only one cell type is present or if the relative

frequencies of the cell types is approximately the same. Our experimental setup aims to en-

rich for certain populations such as Paneth cells. In these cases, the gene mean expression

of a Paneth cell enriched sample will reflect the characteristic Paneth cell gene expression

profile, which differs largely from other cell types. Hence, the usual ComBat model will

misjudge the difference in gene expression as batch effect. Our extended approach will

now take the following steps:

(i) Identity batches with different cell composition by clustering

(ii) Downsample these batches to match the cell type composition of the other samples
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(iii) Apply ComBat model using the downsampled data and save weights

(iv) Re-apply ComBat model with the pre-computed weights to remaining data

This model allows to batch correct data that has different cell compositions while preserv-

ing most of the biological variance.

4.2.2 Batch effect quantification

We evaluated the degree of batch effects across samples separately in each major cell type

before and after correction (see Fig. 4.3). Quantifying batch effects with kBET resulted

in a rejection rate of 1 before correction in all cell types. After batch correction with

the modified ComBat, we still found rejection rates of 0.98 − 1. Therefore, kBET is

too sensitive to assess the batch effect removal of this method. However, we need batch

correction primarily for unbiased clustering, i.e. to reduce clusters sampling only cells of a

single batch. As alternative to kBET, we used the silhouette coefficient to quantify batch

effects, as it is less sensitive than kBET (see Chapter 3).

When we applied ComBat without accounting for cell type composition, homogeneous cell

types such as enterocytes became more similar (measured by decrease of the silhouette

coefficient on the first 3 PCs), while Paneth cells are separated. Interestingly, even though

samples ‘Control 5 FVR’ and ‘Control 7 FVR only’ were experimentally handled together

and overlapped largely before correction, they did not after correction due to their different

cell type composition. This example highlights the importance to account for cell type

composition in the samples. The separation is clearly visible in the UMAP plot (Fig. 4.3a),

however, it is not reflected in the silhouette coefficients per cell type (Fig. 4.3b). Therefore,

we tested how louvain clustering is affected by batch effects (Fig. 4.3c). In theory, the

cluster should consist of a mixture of cells of different samples. In contrast, batch effect

biased clustering yields clusters that are dominated by the cells of one sample. Here, we

used louvain clustering with the same resolution parameter to assess the batch effect on

clustering before and after correction.

Before correction, we observe several clusters consisting of a single sample (e.g. clusters

9 and 15). Furthermore, we observe a banded structure in the UMAP plot, which means

that the cells cluster by sample rather than cell type. In the ComBat corrected dataset,

we observe a more balanced clustering for most samples, but samples ‘Control 5 FVR’

and ‘Control 7 FVR only’ separate now from each other and from the remaining samples.

This issue is accounted by in the modified ComBat batch correction. There, we observe

less clusters and 8 out of 9 clusters show a balanced contribution from all samples.
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Figure 4.3: Modified ComBat corrects accurately for batch effects in data with com-
positional changes. Comparison of batch effects in the gut dataset. Columns show results
for non-corrected data (left), ComBat corrected data (center) and modified ComBat corrected
data (right). a UMAP plots colored by sample ID. Banded structure in non-corrected data
indicates prominent batch effect. b UMAP colored by major cell type. Numbers denote the
absolute silhouette per major cell type. Little variation in the silhouette is found across cor-
rection methods. c Confusion matrix of sample ID and the result of louvain clustering with
resolution parameter 0.5, normalized column-wise. Grey scale and numbers denote the frac-
tion of cells of sample i in cluster j. Before correction, louvain clustering yielded 16 clusters,
where two clusters carry mostly cells from one sample. The number of clusters reduces with
batch effect correction, and clustering on modified ComBat corrected data shows a balanced
contribution of all samples to all clusters. The exceptions are samples ‘Control 5 FVR’ and
‘Control 7 FVR only’, which are enriched for 50 % and 90 % Paneth cells, respectively.

4.3 Results

In this section, we present the results of scRNA-seq data analysis together with experi-

mental results from laser scanning microscopy (LSM). The author of this thesis conducted

scRNA-seq data analysis, while Anika Böttcher and co-authors performed LSM.
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Figure 4.4: FVR labels active Wnt/PCP signaling in enteroendocrine and Paneth
cells. a LSM images for FVR (Venus, green) expression in the secretory lineages in the adult
intestine of FltpZV/+ mice (4 months) co-stained against ChgA (red, enteroendocrine cells),
Lyz1 (white, Paneth cells), Muc2 (red, goblet cells), and Dclk1 (red, tuft cells). DAPI (blue)
stains the nucleus. Scale bars, 75µm. b-c LSM image showing a representative SI crypt
isolated from adult FltpZV/+ reporter mice with indicated FVRneg/low/hi cells stained for DAPI
(blue, nucleus), FVR (Venus, green), ChgA (red, enteroendocrine cells), and Lyz1 (white,
Paneth cells) (b) and quantification (c) of Lyz1+ FVR+ Paneth cells (PCs) and ChgA+ FVR+

enteroendocrine cells (EECs). For Paneth cells: n (mice) = 8 with 99 analyzed crypts (95.58 %
of PCs = FVR+). For enteroendocrine cells: n (mice) = 5 with 76 analyzed crypts (96.13 % of
EECs = FVR+). Scale bar, 25µm. d Expression analysis of Wnt/PCP genes in FVRhi/low/neg

crypt cells obtained from FltpZV/+ mice by qRT-PCR. n(independent experiments) = 3. Error
bars represent SEM. Two-tailed Student’s t-test, ∗P < 0.05, ∗ ∗ P < 0.01.

4.3.1 Fltp is a new marker for Paneth and enteroendocrine cells

To analyse the impact of Wnt/PCP activation on ISC self-renewal and differentiation in

the crypt stem cell niche we took advantage of the first reported sentinel for pathway

activation [Gegg et al., 2014], our knock-out knock-in FltpZV dual reporter mouse model

(see Fig. 4.2). In this model Fltp-H2B Venus reporter (FVR) activity is restricted to
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quiescent and terminal-differentiated cells that activated Fltp expression during Wnt/PCP

acquisition. Co-staining with markers for EECs (ChgA), Paneth cells (Lyz1), goblet cells

(Muc2) and tuft cells (Dclk1) reveals a distinctive restriction of FVR to Paneth cells and

EECs, while none of the goblet or tuft cells carried an FVR label.

Closer investigation of the small intestinal (SI) crypt shows a clear subdivision into three

populations according to FVR label intensity: FVRneg, FVRlow and FVRhi cells (see

Fig. 4.4b). Vice versa, FVR labelled almost all Lyz1+ PCs (95.58 %) and ChgA+ crypt

EECs (96.13 %)(see Fig. 4.4c). Thus, Fltp expression marks the cell fate decision towards

Paneth or enteroendocrine cells.

To examine the activation of Wnt/PCP signaling in FVR+ populations, we investigated

the expression of pathway genes. The Wnt/PCP receptor Fzd6, the Wnt/PCP co-receptor

Ror2, as well as core Wnt/PCP genes Prickle1, Celsr1, and c-Jun were highly expressed

in both FVRlow and FVRhi cells (Fig. 4.4d). In contrast, the same Wnt/PCP pathway

genes are absent in FVRneg cells. Hence, the absence of Fltp correlates with inactive

non-canonical Wnt/PCP signaling.

4.3.2 Wnt/PCP activates a subset of Lgr5+ ISCs

Notably, the presence of FVR in Paneth cells and EECs does not allow backtracing the

exact cell with Wnt/PCP activation. We hypothesize an early cell fate priming in ISCs

and screened for Fltp expression using a targeted single-cell RT-qPCR approach. Indeed

we detected Fltp expressing Lgr5+ ISCs (6.2 %), whereas expression was low or absent in

FVRlow EECs and FVRhi PCs, respectively (see Fig. 4.5a, b). Interestingly, more of the

FVRlow than FVRhi cells express Fltp. Furthermore, FVRlow cells expressed significantly

higher levels of Fltp compared to FVRneg cells. Thus, Fltp is transiently expressed in

ISCs after Wnt/PCP activation and FVR (due to reporter protein stability) labels the

immediate daughter cells of Fltp+ ISCs, namely more than 95 % of the EECs and PCs.

4.3.3 Single-cell RNA-seq recovers all lineages in the small intestinal

epithelium

We sequenced in total over 76, 000 cells to elucidate cell fate priming and to clarify the lin-

eage determination from intestinal stem cells (ISCs) into Paneth cells and enteroendocrine

cells. Using unsupervised clustering, followed by the study of marker gene expression and

proliferation status (see methods 4.1), we identified ISCs, enterocytes, goblet cells, Paneth

cell, EECs and tuft cells as distinct clusters as visualized in the UMAP plot (see Fig. 4.6a).

We also found over 1, 500 immune cells in two distinct cluster, which we excluded from
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Figure 4.5: Wnt/PCP primes a subset of Lgr5+ ISCs towards Paneth cells or EECs.
a Relative abundance of Fltp+ cells in Lgr5hi cells, FVRlow cells and FVRhi cells determined
by single cell qPCR. n = 145 Lgr5hi cells; n = 112 FVRlow cells; n = 126 FVRhi cells.
b qRT-PCR data showing relative Fltp expression in FVRneg/low/hi cells isolated from adult
FltpZV/+ reporter mice. n(independent experiments) = 6, two different Fltp probes. Error
bars represent SEM. Two-tailed Students’s t-test, ∗P < 0.05.

further analysis. Subsequently, we investigated every cell type to distinguish mature cells

from the respective progenitors (see Fig. 4.6b). Hierarchical clustering based on highly

variable genes places most progenitors next to the corresponding mature population (see

Fig. 4.6c). Paneth cells and progenitors have no to negative correlation with all other cell

populations demonstrating their particular differentiation process in contrast to all other

cell types. ISCs are closely related to the enterocyte progenitor, also because we lack a

position information in the scRNA-seq data, which is present otherwise with imaging. In-

terestingly, the EE progenitor is both highly correlated with ISCs and EECs, while being

placed closer to ISCs by hierarchical clustering.

We used cell type specific signatures and a cell cycle signature [Tirosh et al., 2016] to

support our clustering analysis (see table 4.1 and Fig.s 4.6d, e). The scores for tuft cells

and EECs are very specific the respective cell types while not all enterocytes have high

enterocyte score and vice versa, some terminally differentiated tuft cells and EECs also

appear to express enterocyte genes. Thus, enterocytes appear more diverse and some of

the markers less specific than expected. Furthermore, ISC scores also extend to Paneth,

EE and tuft progenitors indicating a possible stem cell property in early differentiating

cells. On the other hand, Paneth and goblet cell scores are both high in both populations,

i.e. expression of similar genes. Thus, these cells have either common origin or similar

function. We have effectively ruled out the former by FVR lineage tracing, while we in-

spect the latter in a subsequent section.

In terms of proliferation, ISCs and all progenitor populations are active proliferating, while

terminally differentiated cells are quiescent (see Fig. 4.6e). In the case of goblet cells, we
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Figure 4.6: Single cell gene expression of major cell types in the intestinal epithelium.
All plots refer to the control (wild type) samples. a UMAP plot of wild type samples with major
cell types annotation. b UMAP plot of wild type samples with progenitor cell type annotation.
c Correlation map of highly variable genes between progenitor cell types. d Gene score of major
cell types. e Proliferation score of the progenitor and mature cell types. f Number of cells per
cell type. g Abstracted graph of cell type connections. Thick lines denote a high confidence
of the connection, thin lines correspond to connections with lower, but significant confidence.
ISCs connect to all progenitor populations.

also distinguished between early and mature cells because early goblet cells are still ac-

tively cycling, but also show obvious and pronounced goblet marker gene expression, which

is also different from the goblet progenitor.

Our data set of the small intestinal epithelium reflects all common cell types with sufficient

coverage of rare cell types as EECs and Paneth cells as well as progenitor populations (see

Fig. 4.6f). On the one hand, the cell type frequencies of the complete data set do not



4.3. RESULTS 117

correspond to the actual cell type frequencies in the small intestinal epithelium and we

cannot use the scRNA-seq data to study differences in cell type frequency shifts. On the

other hand, a sufficient coverage in all cell types allows us to derive a complete lineage

tree via graph-based topology analysis (see method section 4.1 and Fig. 4.6g). Line thick-

ness corresponds to higher confidence of the connection. Notably, ISCs connect directly

to all progenitor populations indicating a direct allocation into the respective lineages.

Moreover, all progenitors connect the most to the respective progenitor populations. In

particular, EECs only connect to EE progenitors and Paneth cells only connect to Paneth

progenitors.

4.3.4 Enrichment for reporter expression captures Paneth cells and EECs

The enrichment for specific cell types enables the study of lineage determining gene expres-

sion patterns, which are unnoticed otherwise due to low cell type abundance. Moreover,

large cells as Paneth cells more rarely pass the cell preparation process [Haber et al., 2017].

In this study, we have sequenced cells with increasing FVR enrichment and compared them

to FVF enrichment and un-biased sampling (i.e. no enrichment, see Fig. 4.7). Notably,

the samples without enrichment mostly yield ISCs, enterocyte progenitors and enterocytes

(∼ 75 %). Further, 5.3 % Paneth cells without enrichment and 0.8 % Paneth progenitor

cells. For comparison, FVF enrichment, which enriches for the rare secretory cell types

and their progenitors, yields only 2.2 % Paneth cells and 0.2 % Paneth progenitors. Hence,

studying Paneth progenitors and Paneth cell maturation, we have to enrich specifically

for the Paneth lineage.

In order to increase the sampling from both Paneth cells and Paneth progenitors, we se-

quence the small intestinal crypt of FltpZV/+ (C57BL/6J) mice. The FVR reporter system

marks Paneth and enteroendocrine cells exclusively (see sections 4.3.1 and 4.3.2). Thus,

enriching with FVR yielded exceedingly more Paneth cells (see Fig. 4.7). Furthermore,

the fraction of goblet cells and progenitors is diminishing in the FVR enrichment. We

observed Fltp expression already in ISCs such that we can trace the lineage of these stem

cells in the mature cell types (see sections 4.3.1 and 4.3.2). Consequently, as we find an

excessively large number Paneth cells and progenitors via FVR enrichment, we support

the claim of Fltp determining the Paneth cell lineage. Furthermore, as we do not find more

goblet cells with FVR enrichment, we exclude the existence of a bipotent goblet-Paneth

cell progenitor, which was speculated on before [Grün et al., 2016].

Instead, FVR lineage tracing and the sample enrichment for scRNA-seq supports the

existence of a Paneth primed ISC population, which we identified in our data set and

distinguished it from all other ISCs (Fig. 4.8). In particular, ISCs express higher levels of
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cell cycle genes and genes involved in the cellular response to radiation (Fig. 4.8a). Both

GO terms support the stem cell identity of ISCs as they are actively proliferating and are

more susceptible to radiation [Buczacki et al., 2013]. Furthermore, Paneth primed ISCs

connect with higher confidence to the Paneth progenitor population in the abstracted

graph and, in contrast to ISCs, do not connect to all progenitor populations (Fig. 4.8b).

Hence, the identified subset of Paneth primed ISCs have slightly reduced cell cycle activity

and are less susceptible to radiation compared to ISCs. Possibly, Paneth primed ISCs

contain a quiescent subpopulation of label-retaining cells (LRCs) [Buczacki et al., 2013],

whose existence is still under debate.

For enteroendocrine cells, we do not observe a particular increase in proportion during

FVR enrichment, even though these compose the FVRlow population. Possibly, cell sorting

biases towards higher fluorescence levels such that FVRlow cells are underrepresented.

In contrast, sequencing FVF enriched samples yielded increased proportions of goblet cells

as well as enteroendocrine cells, but no Paneth cells. Again, Foxa2 is also expressed in
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Figure 4.8: A subset of ISCs is primed towards Paneth cell lineage. a Gene set enrichment
analysis with g:profiler based on GO terms on differentially expressed genes Paneth primed ISCs
and ISCs. b Abstracted graph of cell type connections. Thick lines denote a high confidence
of the connection, thin lines correspond to connections with lower, but significant confidence.
Paneth primed ISCs connect with higher confidence to Paneth progenitors than remaining
ISCs.

ISCs implying a lineage priming by Foxa2 expressing ISCs.

Next, we investigated the transition of ISCs to Paneth cells (Fig. 4.9a). We determined

several sub-groups in both ISCs and Paneth cell populations. In ISCs, we identified

a Paneth primed ISC population that connects to the Paneth progenitor population. In

mature Paneth cells, we have found two different types of Paneth cells which we distinguish

by the expression of Lyz2 — Paneth 1 population does not express Lyz2, but Paneth 2

population does. Pseudotemporal ordering of ISCs and Paneth cells clearly places the

Paneth progenitor in between the mature Paneth cells and ISCs, while Paneth primed

ISCs link to Paneth progenitors (see also Fig. 4.9b). The Paneth progenitor population

starts to express the complete set of defensins and Lyz1, but it also expresses stem-cell

associated genes as shown in the ISC score compared to the Paneth cell score (Fig. 4.9c).

The common ISC marker gene Lgr5 decreases simultaneously with Paneth cell maturation
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Figure 4.9: Pseudotemporal ordering for PCs reveals direct allocation from ISCs. a
Smoothed gene expression heatmap of differentially expressed genes of the displayed groups
plotted along diffusion pseudotime from ISCs to mature Paneth cells. We have identified an
ISC subpopulation that is primed towards Paneth cell fate (i.e. Paneth primed ISCs) and a
second Lyz2 -positive Paneth cell population. b UMAP plot with populations contributing to
the Paneth cell maturation. c ISC score and Paneth cell (PC) score along pseudotime shows
high ISC score in Paneth primed cells. Notably, Paneth progenitors express both ISC and PC
markers. d Dotplot of Lgr5, Mptx1/2 andLyz1/2 expression in the ISC - Paneth cell lineage.
Stem cells and progenitor cells show substantial Lgr5 expression, which is mostly absent in
mature Paneth cells.

— while both ISC and Paneth primed ISCs express Lgr5, a notable fraction of Paneth

progenitors expresses Lgr5 as well (Fig. 4.9d). Subsequently, Lgr5 expression is absent

in mature Paneth cells. Taken together, we have found considerate evidence for a direct

lineage allocation of Paneth cells from ISCs.

In the enteroendocrine lineage, we observe a progenitor population with several sub-states

(see Fig. 4.10a). In the enteroendocrine (EE) progenitor population, we distinguish a Sox4

positive progenitor expressing lineage determining transcription factors (Hes1, Dll1 and

Sox4 ) and a Neurog3-Sox4 double-positive progenitor (see Fig. 4.10b). Using diffusion
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pseudotime to assess the sequence of these populations, the Sox4 positive population re-

sembles more the ISC population but it downregulates Lgr5 while turning on Sox4 —

therefore we label this population ‘Sox4+ early EE progenitor’. The late stage of the

EE progenitors starts to express Neurog3 alongside with Neurod1 and Neurod2, hence

we labelled it ‘Ngn3 progenitor’ (Fig. 4.10c). Finally, EE progenitors do not express the

characteristic marker genes Chga and Chgb.

All EECs express both Chga and Chgb, but we also identified several progenitor popula-

tions expressing a distinct pattern of lineage determining markers (see Fig. 4.10c), similar

to the Ngn3 progenitor. We term these cells ‘late EEC progenitors’. Furthermore, we ob-

serve increasing expression levels of the the transcription regulating gene Pax6. A closer

inspection of the late EEC progenitors reveals the Isl1/Arx and Ghrl progenitor popula-

tions, which express the factors Isl1, Arx and in case of the Ghrl progenitor, high amounts

of the hunger hormone Ghrl. In contrast to the Isl1/Arx and Ghrl progenitors, we also

identified a Pax4 progenitor, which expresses high amounts of Pax4 and lacks Isl1, Arx

and Ghrl expression. The expression pattern in these late EEC progenitor populations

indicates a cell fate decision towards different subclasses of EECs, which we describe in

the following.

Using the hierarchical version of louvain clustering with manual merge of similar popu-

lations based on marker genes, we identified 8 different hormone secreting EEC subpop-

ulations (see Method section). Traditionally, EECs were classified by hormone expres-

sion [Gribble and Reimann, 2016, Sjölund et al., 1983], assuming they secrete predomi-

nantly a single hormone (see table 4.2). However, evidence points towards considerable

co-expression in single cells [Gribble and Reimann, 2016]. Recently, Haber et al. [2017]

demonstrated via smFISH and scRNA-seq that EECs may well produce more than one

hormone and defined new cell types according to the one-letter code in table 4.2.

The subclass of enterochromaffin (EC) cells is characterized by serotonin secretion (marker

gene is Tph1 ). In accordance to Haber et al. [2017], we identified two EC subpopulations;

one with high Reg4 expression and the other lacking it. Presumably, these cells are de-

rived from the Pax4 progenitor as the EC (without Reg4 expression) population shows

both proximity in the UMAP plot and elevated levels of Pax4, that is absent in all other

cell populations. Interestingly, all EEC subpopulations including the previously described

progenitors express secretin (Sct), the traditional marker for S cells.

Apart from EC cells, we observe six different EEC subpopulations, which express a combi-

nation of several hormones, which are described in the classical EEC classification scheme

(see table 4.2). For example, we found a population expressing Sct, Cc) and Gip, which

are markers for S cells, I cells and K cells, respectively. Thus, we follow the new taxonomy

proposed by Haber et al. [2017] and term this population SIK cells. It must be noted
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Figure 4.10: Pseudotemporal ordering for EECs reveals direct allocation from ISCs. a
UMAP plot of EECs and progenitors with annotated subpopulations. b Smoothed heatmap of
differentially expressed genes of the displayed groups plotted along diffusion pseudotime from
ISCs to late enteroendocrine progenitors. c Marker gene expression in enteroendocrine sub-
populations. Ngn3 and Sox4 positive progenitors are counted as enteroendocrine progenitors
whereas late EEC progenitors (Isl1/Arx, Ghrl and Pax4) are already in the mature domain of
EECs. Lgr5+ EECs form an extra cluster as their gene expression profile reflects all other EEC
sub-clusters.

that the SIK population is well separable by louvain clustering. Some of the hormones are

exclusively expressed in only one of the subpopulations, for example neurotensin (Nts) in

SIN cells and somatostatin (Sst) to SAKD cells. Notably, the SIA population expressing

Sct, Cck and Ghrl, but not Gcg has not been reported before. In contrast to Haber et al.

[2017], we can report a single subclass expressing peptide YY (Pyy), SIL-P population)

and galanin (Gal) expression is not restricted to SILA cells in our data. Further, we have

found a single cell within the SIK population also expressing gastrin (Gast).

Presumably, all these subpopulations arise from Ghrl and Isl1/Arx progenitors, respec-

tively, as five of the six subpopulations express Isl1 and Arx. For the sixth population,
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hormone name gene symbol class

ghrelin Ghrl A
somatostatin Sst D

gastrin Gast G
cholestocystokinin Cck I

proglucagon Gcg L
glucose-dependent insulinotropic polypeptide Gip K

neurotensin Nts N
secretin Sct S

serotonin Tph1 EC

Table 4.2: EEC classification scheme. The classical EEC classification defines a subclass by
principal hormone secretion. Adapted from Haber et al. [2017] andGribble and Reimann [2016].
It must be noted that serotonin is a tryptophan derivate, in which the first and rate-limiting
step in serotonin biosynthesis is performed by the tryptophan 5-hydroxylase 1 (Tph1) [Cooper
and Melcer, 1961].

SAKD cells, turning off Arx allows expressing Sst [Du et al., 2012]. In addition, Ghrl

expression was found in three out of six subpopulations (SIA, SILA and SAKD).

Interestingly, we also observe an Lgr5 positive EEC population mirroring all EEC sub-

classes. They originate from all samples irrespective of the sample size, so they are not

doublet artifacts, but their role in the gut and lineage forming potential is unknown.

4.3.5 Each intestinal lineage has a distinct transcriptional profile

In this section, we study the distinct transcriptional profiles of all mature cell populations

in comparison to stem cells by differential gene expression analysis. We also inspect

the same differential gene expression patterns in the respective progenitor populations

to identify early transcriptional changes that define the respective lineages. Further, we

can re-analyze the gene scoring approach that we used to identify mature cell types. In

particular, we will propose novel marker gene sets to distinguish goblet and Paneth cells.

We performed pairwise differential expression tests of ISCs vs enterocytes, goblet cells,

Paneth cells, EECs and tuft cells, respectively and display the top 15 differentially ex-

pressed genes (see Fig. 4.11, filtered from pseudogenes, ribosomal protein-coding genes

and mitochondrial genes). In ISCs, we find mostly cell cycle related factors (e.g. Cdca7

and Smoc2 ) or indicators for active transcription (e.g. Impdh2, Hmgn1 and Hnrnpa1 ). In

enterocytes, we find Sis, a known marker gene, while the expression of factors like arginase

2 (Arg2) and galectin3 (Lgals3) is equally well restricted to enterocytes. However, Sis is

also considerably expressed in EECs and we found the Microsomal Triglyceride Transfer
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Figure 4.11: Differential expression analysis of mature cells and ISCs reveals new
marker genes. We selected the top 15 differentially expressed genes in the comparison ‘ISC
vs mature cell type’, which are sorted block-wise alphabetically. Among those are both known
marker genes (see table 4.1) and new markers, e.g. Espn and Avil in tuft cells and Arg2 as
marker for enterocytes. Further, the goblet cell marker Muc2 shows moderate expression levels
in Paneth cells and explains the increased goblet cell score in Paneth cells earlier.
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Cell type Gene names

Enterocyte Arg2, Mttp, Lgals3
Goblet cell Clca1, Scin, Tpsg1, Foxa1
Paneth cell Defa3, Defa5, Defa17, Defa23, Defa26, AY761184

Tuft cell Dclk1, Ptprc, Avil, Espn, Spib

Table 4.3: Overview on more specific marker genes used for cell type scoring.

Protein (Mttp) more specific for enterocytes and a knockout of Mttp severely impairs the

lipid transport in the intestine [Liang et al., 2014].

The differentially expressed genes of goblet cells vs ISCs are mostly also present in Paneth

cells, but on a lower level. Both cell types produce a large amount of secretory vesicles and

even though Paneth cells secrete mainly defensins rather than mucus forming components,

Muc2 has been reported to coat Paneth cell vesicles and to facilitate their secretion [Stahl

et al., 2018]. Possibly, the similarity of Paneth and goblet cells is rather explained by

structural similarity (and the respective molecular machinery to constantly produce gran-

ules etc.) than common origin. Yet, we have used the goblet marker genes Muc2, Spdef

and Foxa1 to identify goblet cells by gene scoring (see table 4.1). However, we also found

considerably high goblet scores in Paneth cells and vice versa. Both Spdef and Muc2 are

also expressed in Paneth cells. The differential expression plot further shows that Tpsg1,

Clca1 and Scin are more restricted to goblet cells and provide a clearer distinction be-

tween Paneth and goblet cells (see Fig. 4.12 and table 4.3). Similarly, we observe elevated

lysozyme 1(Lyz1) expression levels in goblet cells, even though it is a classical Paneth cell

marker. In contrast, the expression of numerous defensins such as Defa3/5/17/23/26 and

AY671184 is restricted to Paneth cells. Thus, a marker gene set using defensins helps to

discriminate Paneth and goblet cells further.

The top differentially expressed genes in EECs and tuft cells are more distinct from the

other mature cell types in the small intestine. In EECs marker gene selection, we profit

from the very specific hormone expression to classify this population. However, we identi-

fied novel markers such as the transcription factor Fev, the cell surface receptor Gfra3 and

the insulinoma-associated 1 gene (Insm1). In tuft cells, known markers as Dclk1, Lrmp

and Trpm5 are among the top differentially expressed genes. This study contains more

than 2,000 mature tuft cells and tuft progenitors, which allows us to propose new markers

such as advillin (Avil)1 and espin (Espn), which are likely both involved in actin binding

and the formation of the brush-like villi in a tuft cell.

1We included Avil already for gene scoring before we re-evaluated marker gene specificity.
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Figure 4.12: A more specific gene score improves the distinction in similar cell pop-
ulations. Based on the differential expression analysis, we identified more specific gene sets
to distinguish enterocytes, Paneth cells, goblet cells and tuft cells (see tab. 4.3). Especially
goblet and Paneth cells are clearly distinct according to the chosen marker sets.

In the last step, we investigated the progenitor populations to identify genes that define a

distinct progenitor population and thus might be involved in intestinal lineage determina-

tion (Fig. 4.13a). For ISC marker genes, we observe an intermediate expression level for

all progenitor populations regardless of the lineage. One exception is Sox4, where we find

the highest levels in the EE and tuft progenitors. In enterocyte progenitors, the expression

of Arg2 is already significantly higher compared to ISCs (FDR < 0.05). Further, Arg2 is

negligible in other cell types than enterocytes. The corresponding enzyme arginase 2 hy-

drolyses arginine to ornithine and urea — these metabolites play a role, amongst others, in

the activation of both innate and adaptive immunity [Kim et al., 2018]. Thus, enterocyte

may contribute to the communication of immune system and the small intestine.

The goblet cell populations are divided into three sub-populations, where we may iden-

tify increasing gene expression transitions from progenitors to mature cells. Notably, the

lineage determining transcription factor Spdef has highest expression levels in early gob-

let cells. While Muc2 is highest in mature goblet cells, progenitor and early goblet cells
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Figure 4.13: Identification of marker genes for intestinal progenitor populations. a
Mean expression of top differentially expressed genes (displayed in Fig. 4.11) in progenitor and
mature cell populations. Distinct marker genes are already expressed in progenitor cells. b Dif-
ferentially expressed transcription factors which determine the respective lineages. c Signaling
pathways involved in stem cell maintenance, differentiation and cell movement. Genes in grey
show no significant expression differences in any of the tested groups.

express only little more compared to Paneth cells. The same holds true for other marker

genes like Guca2a and Tff3. Moreover, Fcgbp is both highly expressed in goblet cells and

increases during maturation, but we also observe lower levels of Fcgbp in the Sox4 + early

EE progenitor.

Paneth cell markers are almost equally high in the Paneth progenitor population. How-
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ever, when we compare ISC marker expression in Paneth progenitors and mature cells,

these factors are generally higher in the progenitor population. A specific on-switch re-

mains to be determined.

The transcriptional profile of EECs shows little overlap with the other cell types. Excep-

tions are secretin Sct and Ngfrap1, which are both also lowly expressed in goblet cells.

Comparing EE progenitors to EECs reveals a number of novel markers turned on already

in EE progenitors like Insm1, Gfra1 and Ddc. The latter catalyzes the decarboxylation

of 5-hydroxytryptophan to serotonin. In addition, the transcription factor Fev increases

during EEC maturation, but is completely absent in all other cell types.

The transcriptional pattern of tuft cells is as distinct from other cell types as the EEC

one as 10 of the top 15 differentially expressed genes are practically absent in all other

cell types. For all genes in the top 15 list, we find an increasing expression level from

tuft progenitor to mature tuft cells. Largest differences can be found in the expression

of Dclk1, Fyb, Hck or Skap2. Known tuft cell markers as Dclk1, Lrmp and Trpm5 are

specifically expressed in the tuft cell lineage.

In order to further investigate lineage determination in progenitor populations, we per-

formed pairwise differential expression tests of ISCs vs respective progenitor populations

(Fig. 4.13b). First, we studied the expression patterns of 13 known lineage determin-

ing markers in the progenitors. The factors Hes1 followed by Elf3 are responsible for

enterocyte development, but Elf3 is also involved in goblet cell differentiation together

with Klf4 [van der Flier and Clevers, 2009]. Astonishingly, the enterocyte marker Elf3 is

expressed in several progenitor populations, which effectively disproves the required lin-

eage marker specificity on the gene level. In accordance with previous findings, Gfi1 is

only expressed in goblet, Paneth, EE and Tuft progenitors. However, the Gfi1 level in

both Paneth and Ngn3 progenitors is approximately the same, but Gfi1 is antagonized by

Neurog3 and thus, Gfi1 presumably plays a secondary role in Paneth cell maturation.

Using differential expression analysis, we found 362 differentially expressed transcription

factors, from which we display 24 factors with lineage restricted binding pattern. Among

the differentially expressed transcription factors, Klf15 and Lbh potentially determine the

Paneth cell lineage, where Klf15 was already identified by Haber et al. [2017]. Though

weakly expressed, the iron-regulated transcription factor Atoh8 acts specifically in EE

progenitor cells, but has only been reported in the liver [Patel et al., 2013]. The Notch

pathway target gene Hes6 was found exclusively expressed in the small intestinal crypt

in adult mice [Schröder and Gossler, 2002], and is particularly highly expressed in goblet,

EE and Tuft progenitors. Also in accordance with the findings of Haber et al. [2017], we

have found goblet cell specific markers as Foxa3, Creb3l4, Atoh1 and Spdef.
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Cell cycle markers give us a notion for the proliferation and potential quiescence of the

respective populations (Fig. 4.13b right side). Here, we show six different markers, four

being involved in cell cycle progression (Mki67, Ccnd1, Cdk1, Aurkb) and two markers

for cell cycle exit (Cdkn1a, Cdkn2d). In ISCs and enterocyte progenitors, we observe

comparatively high expression of proliferation markers, with highest expression in ente-

rocyte progenitors. Enterocytes contribute the most to the gut intestinal lining, thus, an

active proliferation in the respective progenitors is required to replenish this cell type. In

contrast, Paneth primed ISCs express less proliferation markers making these cells more

likely a quiescent population. Cell cycle exit markers are more pronounced in the progen-

itor populations (tuft, enteroendocrine, Paneth and goblet progenitors) and mark the exit

from proliferation into differentiation.

We investigated the expression patterns of several interacting and competing signaling

pathways in the gut (Fig. 4.13c). Briefly, FGF (fibroblast growth factor) and EGF (epi-

dermal growth factor) signaling promote proliferation [Danopoulos et al., 2017]. Addi-

tionally, EGF blocks apoptosis [Suzuki et al., 2010]. BMP signaling limits proliferation

in Lgr5 + stem cells independent from Wnt/β-catenin signaling [Qi et al., 2016]. Wnt/β-

catenin signaling ensures stem cell maintenance in the crypt. Notch signaling creates

spatial patterning and controls fate decisions of adjacent cells [Richmond and Breault,

2010]. Hedgehog signaling is involved in crypt spacing [Richmond and Breault, 2010].

Hippo signaling is implicated in the regulation of proliferation, stem cell maintenance and

regeneration [Hong et al., 2016]. Wnt/PCP (planar cell polarity) is a non-canonical Wnt

signaling pathway that inhibits canonical Wnt signaling, is independent from β-catenin

and a candidate pathway regulating PC and EEC formation from ISCs. Ephrin signaling

controls cell positioning along the crypt [Richmond and Breault, 2010], while integrin sig-

naling controls surface adhesion and motility [Xu et al., 2014].

Several signaling pathways are known to regulate proliferation, stem cell maintenance,

differentiation or cell positioning within the crypt. In general, all genes from signaling

pathways are lowly expressed. With differential expression analysis, we observe high ex-

pression of BMP target genes Id1 and Id3 in ISCs, Paneth primed ISCs, enterocyte, goblet

and Sox4+ early EE progenitors compared to Paneth, Ngn3 and tuft progenitors, which

indicates active BMP regulation of proliferation. Further, FGF signaling (i.e. represented

by Fgfr2/3 expression) is highest in goblet and EE progenitors. EGF receptor expression

(i.e. Egfr) and its co-factors ErbB2/3 suggest higher susceptibility to EGF in ISCs, en-

terocytes and goblet progenitors. For Notch signaling, we found low expression levels for

the receptor genes Notch1-3, while effectors like Dll1/4, Hes1 and Lfng are comparatively

high expressed. The Notch signaling effectors Dll1/4 are mainly restricted to goblet and

EE progenitors and increase Notch signaling by binding to the Notch1 receptor. Further-
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more, Hes1 and Lfng appear mutually exclusive in their gene expression pattern.

Regarding integrin signaling, we find Itgb1 and Itga6 expressed in all cells with lowest

levels in Paneth progenitor cells. Integrin Itgb1 promotes the Hedgehog pathway [Xu

et al., 2014]. While Hedgehog is essential for regulation of proliferation and differentia-

tion, we observe only scarce expression in all cell types. In addition, Yap1 and Tead2/3

are transcriptional activators in the Hippo pathway involved in proliferation and cell sur-

vival [Hong et al., 2016]. Single-cell RNA-seq shows a constitutive Yap1 expression while

Tead2 is restricted to EE and tuft progenitors.

In accordance to prior studies, EphB3 expression is high in ISCs and Paneth progenitors.

Especially for Paneth cells, EphB3 allows for residing in the intestinal crypt [Richmond

and Breault, 2010]. In contrast, mostly ISCs, enterocyte and goblet progenitors express

high levels of Ephb2, which is directly controlled by canonical Wnt signaling. Tracing and

distinguishing canonical and non-canonical Wnt signaling on the expression level turned

out to be difficult due to expression levels on the verge of the sensitivity limit. For the

frizzled receptor Fzd1/2/3/5/7/8, we find only none to little expression, while the co-

receptors Lrp5/6 are constitutively expressed in all cell populations. The secreted frizzled

related protein 5 (Sfrp5 gene) is known to regulate canonical Wnt signaling via interaction

with frizzled receptors and Wnt binding and shows highest expression in EE progenitors.

High levels of Sfrp5 suggest an inhibition of canonical Wnt signaling in EE progenitors.

Accordingly, we observe the highest levels of Wnt/PCP genes (i.e. Ror2, Ptk7 and Vangl)

in the Ngn3 positive EE progenitor indicating active Wnt/PCP signaling. In Paneth

primed ISCs and Paneth progenitors, we observe higher levels of the Wnt/PCP effector

Jun, which implies active Wnt/PCP signaling as well in the Paneth cell lineage.

4.3.6 Disturbed Wnt/PCP signaling reduces Paneth cell formation

In the previous sections, we have analyzed the relations of emerging cell populations in

the small intestinal epithelium in great detail. Furthermore, we have studied the role of

Fltp as lineage determining marker for Paneth cells and for enteroendocrine cells.

In order to elucidate the role of Wnt/PCP signaling in intestinal lineage allocation we

compared control mice with the heterozygous Celsr1crsh/+ mutation strain and compound

mutant mice: Celsr1crsh/+; FltpZV/+ and Celsr1crsh/+; FltpZV/ZV (see Fig. 4.14 and method

section 4.1). Celsr1 is a Wnt/PCP core protein und homozygous deletion or crsh mutations

result in lethality in the neonatal state. In a qRT-PCR experiment on crypt cells, we

determined Celsr1 and Fltp relative gene expression and observed a significant decrease

in both genes (Fig. 4.14a). Notably, the knock-out of Fltp is connected with a reduction

of Celsr1 expression. Furthermore, the expression levels of key Paneth cell genes as

Defa5 is halved in both Celsr1crsh/+ and Celsr1crsh/+; FltpZV/+ compared to control mice
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Figure 4.14: Disturbed Wnt/PCP signaling impacts Paneth cell formation. a Relative
expression level of Celsr1 and Fltp in crypt cells isolated from two month old control mice,
Celsr1crsh/+ single mutant and Celsr1crsh/+; FltpZV/+ compound mutant mice assessed by qRT-
PCR. n = 6 control mice, n = 5 Celsr1crsh/+ mice, and n = 9 Celsr1crsh/+; FltpZV/+ mice.
Error bars represent SEM. Two-tailed Student’s t-test, ∗∗P < 0.01, ∗∗∗∗P < 0.0001. b Relative
expression levels of key Paneth cell gene Defa5 is lower in crypt cells of Celsr1crsh/+ mutant mice
and compound Celsr1crsh/+; FltpZV/+ mutant mice. n = 6 control mice, n = 5 Celsr1crsh/+

mice, and n = 9 Celsr1crsh/+; FltpZV/+ mice. Error bars represent SEM. Two-tailed Student’s
t-test, ∗P < 0.05, ∗∗P < 0.01, ∗∗∗∗P < 0.0001. c Representative LSM images of duodenal
sections from control and Celsr1crsh/+; FltpZV/ZV mice stained for DAPI (blue), ChgA (red,
EECs) and Lyz1 (white, Paneth cells). Scale bar, 75µm. d Quantification of Lyz1-positive
cells (Paneth cells) in the duodenum of control and Celsr1crsh/+; FltpZV/ZV mice. n = 7
control mice and n = 7 Celsr1crsh/+; FltpZV/ZV mice. Error bars represent SD. Two-tailed
Student’s t-test, ∗P < 0.05. e Quantification of ChgA-positive cells (EECs) in the duodenum
of control and Celsr1crsh/+; FltpZV/ZV mice. n = 7 control mice and n = 6 Celsr1crsh/+;
FltpZV/ZV mice. Error bars represent SD. No significant difference. f Quantification of Muc2-
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control mice and n = 4 Celsr1crsh/+; FltpZV/ZV mice. Error bars represent SD. No significant
difference.
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(Fig. 4.14b). Thus, disturbed Wnt/PCP signaling induces a reduction in Paneth cell

marker gene expression.

Next, we studied duodenal sections to study the effects of the Celsr1 mutation on the

cellular level (Figs. 4.14c-f). Intestinal crypts of Celsr1crsh/+; FltpZV/ZV mutants have

Paneth cells at the crypt bottom, but they express less Lyz1 compared to control mice

(Fig. 4.14c). Image based quantification reveals a significant reduction in the number of

Paneth cells in the Celsr1crsh/+; FltpZV/ZV, while we could not detect a change in Chga+

EECs and Muc2+ Goblet cells (Figs. 4.14d-f). Taken together, Paneth cell formation is

strongly dependent on Wnt/PCP signaling while EECs and Goblet cells are not affected

by disturbed Wnt/PCP signaling.

4.3.7 Disturbed Wnt/PCP signaling affects transcriptional activity

To study the molecular mechanisms and transcriptional changes caused by decreased

Wnt/PCP signaling, we sequenced the small intestines of Celsr1crsh/+; FltpZV/ZV mice

without enrichment and another two samples with 10 % FVR enrichment yielding 14,527

cells in addition to 59,964 control sample cells.

First, we assigned all mutant cells to the respective cell type by a k-nearest neighbor

approach (see methods section 4.1). We could assign all but 57 cells to the respective

cell types in control samples (see Fig. 4.15a,b). Closer examination of the unassigned

cells showed they were an outlying cluster with Paneth cell signature and we excluded

them from further analysis. Hierarchical clustering of all cell types grouped by mutant

and control condition clusters always the cell types together rather than the condition (see

Fig. 4.15c). Furthermore, hierarchical clustering largely recovers the relations between cell

types as shown for the control condition alone (see Fig. 4.6c). We only observe a slight

decrease in correlation in the Paneth progenitor population. Moreover, mutant Paneth

progenitor and Paneth cell population show a higher correlation in gene expression than

Paneth progenitors in mutant and control samples. Further, Paneth cells in both control

and mutant condition are highly correlated. Next, we studied the cell cycle state of all

cell types (see Fig. 4.15d). We observe a similar proliferation status for all cell types in

both mutant and control, except for Paneth progenitors which appear less proliferative in

the mutant.

Taken together, we conclude that the disturbed Wnt/PCP signaling affects most Paneth

progenitors, but we expect little changes in the gene expression profiles because we were

able to cluster all mutant samples together with the control samples without further

adjustments apart from batch correction.
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In order to compare the gene expression patterns in control and mutant, we performed

differential expression tests for each cell type on the raw data before batch correction and

screened for enriched gene sets (see method section 4.1). We used both gene ontology

(GO) and KEGG terms, but most terms attributed to metabolic processes or replication.

Hence, instead of interpreting gene sets, we focussed on transcription factors or genes with

DNA binding ability (see method section 4.1) and signaling pathways (see Fig. 4.16). For

simplicity, we refer to all genes with DNA binding activity as transcription factors. We

tested ISCs and all progenitor populations in mutant and control. Among the differentially

expressed genes, we found 114 transcription factors. Interestingly, all but one (E2f1 )

are also differential between ISCs and progenitors populations in the control condition.

Thus, the altered Wnt/PCP signaling leads to distinctively shifted transcription factor

activation. More specifically, 79 transcription factors are differentially expressed in Paneth

primed ISCs or Paneth progenitors, while only one gene (Hmga1 ) is differential in the
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Sox4+ early EE progenitor population and none in Ngn3 progenitors. We observe low

expression levels of several Wnt/PCP signaling components such as Ror2 and Vangl2

in the EE progenitor lineage, which presumably compensate for the loss in Celsr1. In

conclusion, Wnt/PCP signaling plays a critical role in determining the enteroendocrine

and Paneth cell lineage. In particular, Celsr1 is more involved in the regulation of the

Paneth cell fate.

In Paneth primed ISCs and Paneth progenitors, we found evidence for both altered canon-

ical Wnt and non-canonical Wnt/PCP signaling (see Fig. 4.16a). In particular, mutant

Paneth primed ISCs expressed higher levels of Sox9, a canonical Wnt target, which is

required for differentiation in Paneth cells [Mori Akiyama et al., 2007] and partially re-

presses Muc2, a typical goblet cell marker [Blache et al., 2004]. However, Sox9 and Klf4

together interact with β-catenin to reduce binding activity to Tfc4 and thus reducing

canonical Wnt signaling activity [Sellak et al., 2012]. Moreover, the elevated expression of

the vitamin D3 receptor gene Vdr, which reduces Wnt/β-catenin signaling [Larriba et al.,

2011], indicate reduced canonical Wnt signaling in the mutant. In contrast, canonical

Wnt activating genes like Ascl2, Sox4 and Elf3 show significantly elevated gene expres-

sion in mutants that apparently balanced the aforementioned reduction in canonical Wnt

signaling. Moreover, the Notch receptor gene Notch1 is a canonical Wnt target gene and

increased in mutants, which indicates a reduction in EECs and goblet cells [Fre et al.,

2005].

When we investigate the significantly highly expressed genes in the control samples of

Paneth primed ISCs, we find Jun, Junb and Fos, members of the same transcription

factor family and cell growth stimulating factors. What is more, Jun is a non-canonical

Wnt/PCP target gene and its downregulation indicates impaired non-canonical Wnt/PCP

signal transduction (see Fig. 4.16b). However, BMP signaling target genes Id1/3 show

higher expression levels in Paneth primed ISCs, and hint on decreased proliferation, but

the EGF receptor gene Erbb3 is also increased, blocking apoptosis. As a remark, canon-

ical Wnt signaling targets (Axin2, Ascl2 and Lgr5 ) are significantly increased in Paneth

primed ISC mutants (see Fig. 4.16c).

Taken together, we disturbances of canonical Wnt signaling, both in activation and re-

pression. Likewise, non-canonical Wnt/PCP signaling is likely reduced, which implies

a reduced Paneth cell fate determination in Paneth primed ISCs. Concerning prolifer-

ation, 17 % of the control Paneth primed ISCs are in G1 phase compared to 21 % of

mutant Paneth primed ISCs. Thus, the disturbed Wnt/PCP signaling creates a complex

transcriptional pattern and indicates redundancy in the signaling pathways such that yet

unidentified effectors jump in to balance the loss of Celsr1.
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In Paneth progenitor cells, we also observe increased Sox9 expression in the mutant con-

dition, but in addition, we also observe significantly higher levels of Klf4, which is known

to propel goblet cell fate. However, both factors together antagonize β-catenin [Sel-

lak et al., 2012] and, moreover, Klf4 activates non-canonical Wnt signaling by target-

ing Wnt5a [Tetreault et al., 2016]. Furthermore, Atf4 as non-canonical Wnt target

gene [Voloshanenko et al., 2018] is increased, which implies active non-canonical Wnt/PCP

signaling. In contrast, the effector of the Notch signaling pathway Atoh1 and its target

Spdef (transcriptional activator and goblet cell marker) [Lo et al., 2017] are significantly

increased in mutant Paneth progenitors. However, the expression of the Atoh1 regula-

tor Hes1, remains unchanged in mutant and control (see Fig. 4.16b). Cbfa2t3 acts as

transcriptional co-repressor and represses Mmp7 (Paneth cell marker gene) expression.

Interestingly, the intestine specific transcription factor Cdx2 [Guo et al., 2009] is reduced

in mutant Paneth progenitors. The transcription of Cdx2 is activated by Foxa3 [Silberg

et al., 2002], but repressed by Sox9 [Blache et al., 2004]. Previously, Cdx2 -negative intesti-

nal crypts were vacant of Paneth cells [Stringer et al., 2012]. Thus, as Cdx2 is essential

in the development and survival of Paneth progenitors and its decrease in mutant Paneth

progenitors is in line with decreased proliferation.

In summary, the role of Fltp and Celsr1 as part of the non-canonical Wnt/PCP signaling

cascade in the small intestine is difficult to read from transcription patterns. Disturbed

Wnt/PCP signaling affects strongly transcriptional activity and has an essential role on

the formation of Paneth cells, possibly by balancing the effects of Foxa3 and Sox9 on

Cdx2.

4.4 Discussion

The study of transcriptomic profiles of the intestinal epithelium at the single-cell level

reveals the overwhelming complexity of this tissue. In order to account for complexity

and compositional changes in the data, we modified the ComBat model to correct for

batch effects. The modification allowed accurate clustering into cell types rather than

clustering by samples. Furthermore, it reduced the potential for false positive discovery

of novel cell types.

In principal, our study recovered all major cell types and annotated via clustering and

marker gene expression. In contrast to earlier studies [Grün et al., 2015, Haber et al.,

2017, Yan et al., 2017], we do not classify transit amplifying (TA) cells for several reasons.

First, the term is misleading as all differentiating cells but Paneth cells migrate upwards
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from the crypt towards the villus and pass through a ‘transit amplifying’ zone. Second,

most studies describe TA cells actually as enterocyte progenitors and characterize them

by high cell cycle activity and their adjacency to ISCs [Grün et al., 2015, Haber et al.,

2017]. Third, we and others (e.g. van der Flier and Clevers [2009]) have found no evidence

for multipotent transit amplifying cells as proposed in Yan et al. [2017]. Thus, closest

correspondence for TA cells is the enterocyte progenitor.

Our sampling strategy with enrichment allowed describing all progenitor cell types, espe-

cially Paneth progenitors, which have not been characterized using transcriptomic profil-

ing. Paneth progenitors have been shown to exhibit both stem cell character (e.g. Lgr5

expression) and the onset of Paneth cell gene expression. In particular, we identified

Paneth cell specific transcription factors in the early lineage specification process, which

needs to be explored further. The disadvantage of the enrichment strategy is a potential

distortion of the data manifold. Weinreb et al. [2018] reported unbiased sampling as

a major limitation for lineage inference methods that rely on the cell density. Here, we

massively enriched for Paneth cells to characterize progenitors, which would go unnoticed

otherwise. Thus, enrichment for specific rare cell types comes at the cost of limited gene

expression dynamics inference.

For EECs, we recovered clear subsets and described several progenitor populations, mainly

in accordance with previously described results [Haber et al., 2017]. However, it has been

speculated on the nature and plasticity of the respective subclasses of EECs. For example,

it is not known, if EECs produce the same set of hormones throughout their short life time

or if they can switch on and off various combinations of hormone related genes. To support

the hypothesis of a cell fate decision into several subclasses of EECs, we would require

a time-series experiment such as molecular lineage barcoding with CRISPR/Cas9 [Span-

jaard et al., 2018], which has not been established in a mouse model, yet.

A major advantage of scRNA-seq is the availability of gene expression information for

almost all genes in every cell. This allows us to evaluate the specificity of marker genes

and to identify more cell-type specific markers on the gene expression level. For example,

we discovered that goblet cell specific markers as SAM Pointed Domain Containing ETS

Transcription Factor (Spdef) and mucin 2 (Muc2) are also lowly expressed in Paneth cells.

Thus, we proposed alternative markers such as scinderin (Scin), which appears highly

specific to goblet cells, but its role has only been studied in airway goblet cells [Ehre et al.,

2005].

When it comes to study the impact of signaling pathways, scRNA-seq is only of limited

use for several reasons. First, the expression level of almost all signaling associated genes
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is low and almost untraceable with the drop-seq technology, which has high-throughput as

advantage nonetheless — in turn, a highly sensitive scRNA-seq approach like SMARTseq2

can only measure a few hundred cells and thus, we require a thorough sorting strategy.

Second, cellular signaling is carried out on the protein level, and the transcriptomic readout

may correlate poorly with protein expression depending on e.g. mRNA half-life and protein

localization [Paul et al., 2015, Schulz et al., 2018]. Third, we cannot derive protein-

protein interactions from scRNA-seq. As such, we aim to reconstruct a mechanistic model

of all signaling cascades and respective crosstalk from a snapshot of a different type of

omics data. Thus, the insight on Wnt/β-catenin and Wnt/PCP signaling only helps to

generate new hypotheses, but a final proof has to be administered with a different type of

experiment. In terms of hypothesis generation, we observed that the Paneth cell formation

is affected most by disturbed Wnt/PCP signaling based on transcriptomic profiling and

histological images. Moreover, we observed changes in both canonical and non-canonical

Wnt signaling, potentially as a result of complex interactions with redundant pathways,

which balance the loss in Celsr1.

The lineage tree of the intestinal epithelium remains a complex issue. By combining

short-term lineage tracing and scRNA-seq, we effectively ruled out a bipotent Paneth-

goblet cell progenitor, which was hypothesized before [Grün et al., 2016]. Instead, we

sought evidence for a bipotent Paneth-enteroendocrine progenitor as we observed transient

Wnt/PCP signaling in both Paneth cell and EEC lineages with the Fltp-Venus reporter

(FVR). With scRNA-seq, we found evidence for direct lineage allocation via primed stem

cells. Moreover, EECs were not affected in the Celsr1 mutants, indicating a different

mechanism for either Wnt/PCP signaling or Fltp activation in this lineage.

Finally, data from scRNA-seq is not confounded with changes in cell proportions as we

observe this in bulk samples. Therefore, scRNA-seq data allow testing for compositional

changes across cell types. In order to model cell type compositional changes, we have to

account for the inherent anti-correlation in such data, i.e. when one fraction rises, another

fraction of cells decreases due to the unit-sum constraint [Aitchison, 1986]. While the field

of scRNA-seq has not been confronted with differential testing of compositional data, mi-

crobiome research has proposed to use Dirichlet, Multinomial and Gamma-Poisson models

to quantify changes in composition [Weiss et al., 2017].

When we aim to study changes in cell proportions due to genetic variation (i.e. as pre-

sented with Celsr1 mutants and controls), we have have to control if the cells have been

sampled in an unbiased manner prior to sequencing. In our case, enrichment for FVR and

FVF via cell sorting is a classical bias, which we needed to sufficiently sample from cer-

tain (progenitor) populations. Furthermore, Haber et al. [2017] observed that large cells
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as Paneth cells are less abundant in the data set due to sample preparation. Similarly,

studying the small intestinal epithelium in mice involved sacrificing an individual for each

measurement, such that cell population sizes are essentially confounded with individual

variation. In order to deal with the inter-individual changes in cell population sizes, we

have to establish an unbiased sampling approach for cell sorting, and obtain independent

data from more individuals in both control and mutant (i.e. at least 6 mice per group; a

detailed analysis of the effective sample size was not part of the project).

In conclusion, this study gave new insights into the lineage hierarchy of the small intestinal

epithelium and presented a thorough characterization of all cell types on a highly-resolved

level complementing pre-existing studies. Furthermore, we shed light on the contribution

of canonical and non-canonical Wnt signaling in proliferation and differentiation of the

secretory lineage and identified several regulatory candidates whose involvement in the

cell fate of several cell types is to be determined in future experiments.
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Chapter 5

Summary and Outlook

Ich habe das symbolische

Rechnen mit Stumpf und Stil

verlernt.

Emmy Noether

On ne fait jamais attention à ce

qui a été fait; on ne voit que ce

qui reste à faire.

Marie Curie

5.1 Summary

In this thesis, we presented the widespread biological applications and methodological

implications of single-cell RNA-sequencing with particular focus on data analysis. As

scRNA-seq data represent a novel data type, numerous contributions in the scientific

community have discussed appropriate modelling and simulation approaches to account

for all properties found in a dataset. We started with general approaches in single cell

biology and outlined biological systems of our interest. The methods section (Chapter 2)

described the typical workflow of a single-cell RNA-seq analysis including numerous op-

tions to address the variable properties of a dataset. In particular, we reviewed the most

commonly used normalization methods and batch correction models to remove cell specific

bias and unwanted experimental bias.

The scientific contribution of this thesis is twofold. First, we designed a new test metric

called kBET to assess batch effects in scRNA-seq data in a quantitative manner (Chap-

ter 3). Furthermore, we employed kBET to compare the most commonly used normaliza-

tion methods and batch correction models, which we introduced in the methods section,
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and we studied kBET’s applicability to assess inter-individual variation in healthy donors.

The second contribution is a thorough analysis to infer a lineage hierarchy in the small

intestinal epithelium (Chapter 4). Here, we demonstrated an extensive scRNA-seq data

integration and analysis combined with experimental results from microscopy. However,

we had to admit that the we could not fully succeed to reconstruct a lineage hierarchy

from transcriptional profiling alone, but we gained valuable insights into cell type charac-

teristics from an exceptional amount of cells. Moreover, we described all progenitor cell

types in the tissue, which was not done before in this detail.

5.2 Outlook

Extend batch effect quantification

We have studied batch effects, their quantification and ways for correction extensively

in Chapter 3. As pointed out, kBET is a very sensitive tool which allows comparing

several batch correction strategies. However, the downside of the high sensitivity is a fast

saturation at the upper end of the scale. Especially in tissue data sets with many clusters,

a cluster of one cell type appears to have small patches of cells from the same batch, but

kBET assigns them high rejection rates due to the small scale patches within a cluster.

The case of the patchwork cluster implies that the accuracy in batch correction does

not necessarily meet the criteria of kBET in order to reduce the batch effect sufficiently.

Thus, we have identified different classes of batch effect removal depending on the analysis

task. One is accurate clustering such that the clustering reflects cell types and none of the

clusters emerges due to batch effects (i.e. patchwork clusters). The characterization of the

clusters is then performed against other clusters or the remaining data set via differential

expression tests, where we recommend to use normalized data instead of batch corrected

data, and to include the batch covariate in the model matrix. In such a case, the less

sensitive measures based on PCA or the silhouette coefficient suffice as well to evaluate

the batch correction. The second case is a trajectory inference from several replicates. In

this case, we cannot define a cell type by clustering, as a trajectory describes the transition

from one cell type to another. Thus, we have to ensure that the trajectory is inferred with

as little batch effect as possible and here kBET is exactly the right tool to evaluate the

contribution of the batch effect to the data.

In order to extend kBET, we have to scrutinize the null hypothesis. One of the underlying

assumptions in kBET is that all tests are independent of each other, but a neighborhood

where one population is overrepresented implies at least a second neighborhood where
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exactly the same population is underrepresented. Those intrinsic frequency shift should

be explored and be accounted for in an extended kBET model.

Reduce ambient mRNAs for better single-cell data analysis

In Chapter 4, we studied the transcriptomic profiles of the small intestinal epithelium.

Even though we followed the most recent best practices for scRNA-seq analysis and evalu-

ated several strategies ourselves, we found a few issues worth improving in the future. First

of all, we observed ambient mRNA in several samples, which is essentially a background

signal from burst cells with high expression levels of certain genes, especially when the cells

are prepared in suspension as in droplet-based approaches. To date, we only examined

its presence by visual inspection, and is difficult to be removed. One pre-print [Young

and Behjati, 2018] estimated the background signal from empty droplets, which appears

promising. Furthermore, ambient mRNA contributes to the batch effect. In the presented

data, we have computed kBET to estimate the batch effect correction success with the

modified ComBat version, but we found always the highest rejection rates for all major

cell types after batch correction. In Chapter 3, we have shown that kBET is also sensitive

to changes in the fraction of zeros and the presence or absence of ambient mRNA cannot

be corrected for with the common batch effect correction schemes — especially after we

decided to fix the number of zeros to preserve the non-negative support of the data set

after batch correction (see section 4.1). In this case, we showed that the sample compo-

sition in every cluster is balanced. Therefore, a suitable clustering based on marker gene

expression of the respective cell types is sufficient to exclude batch effect bias.

Estimate gene expression velocity

We have provided an overview on trajectory inference in differentiation processes and

lineage decisions in the methods and data analysis part of this thesis (see Chapters 2

and 4). However, all trajectory inference and pseudotime methods cannot infer a develop-

mental direction — defining a start and end point of a differentiation process is based on

prior knowledge of the studied biological system. Recently, La Manno et al. [2018] distin-

guished unspliced (immature) and spliced (mature) mRNAs from RNA-sequencing data

and developed a deterministic model to infer the onset or shutdown of gene expression in a

population. Briefly, we suppose the rates of transcription and splicing are constant. Then,

if we observe relatively many unspliced mRNAs, transcription of the respective gene has

been turned on and if we observe relatively few unspliced mRNAs, transcription of the

respective gene has been turned off. Based on this model, we can derive a complete vector

field and an asymmetric Markov model, whose analysis immediately returns the starting
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population (i.e. sources) and the end population (i.e. sinks of the vector field).

One of the drawbacks in estimating velocities is to determine a single direction out of all

expressed genes. In particular, as in Chapter 4, we are interested in lineage inference and

combining gene velocities with tree inference methods as PAGA [Wolf et al., 2018b] will

indeed provide useful additional information on the true lineage hierarchy in the small

intestinal epithelium. Furthermore, transient gene expression is of particular interest in

differentiation processes and given an accurate trajectory inference based on the vector

field could provide seminal insights to the regulatory process and drivers of cell fate de-

cision. However, these analysis endeavors rely on data prone to technical perturbations

and it is yet unclear if the estimation of velocities is impaired by batch effects and if we

can adapt a batch correction method to the low read numbers of unspliced reads as well

without introducing noise. Addressing these questions carries the promise to largely ex-

tend the impact and applications of gene expression velocity and is a novel context to be

explored.

Test for changes in cell type composition

We briefly discussed changes in cell composition across conditions and individuals in Chap-

ters 3 and 4. The advantage of scRNA-seq data over bulk measurements is that single-

cell data are not confounded with proportional shifts across samples. Thus, scRNA-seq

data allow testing for these compositional changes. As already mentioned, compositional

changes have an intrinsic anti-correlation structure due to the unit-sum constraint [Aitchi-

son, 1986]. Moreover, microbiome research already quantified changes in compositional

data by e.g. Dirichlet, Multinomial and Gamma-Poisson models [Weiss et al., 2017].

However, the quantifying compositional changes in scRNA-seq is challenging due to con-

founding factors such as natural variability across individuals and sampling bias.

With the increasing availability of scRNA-seq data and the decreasing costs per sample,

we are able to collect more samples per experiment, which is essential to account for ad-

ditional variability through confounding factors. Here, the availability of scRNA-seq data

was the limiting factor for testing compositional changes across conditions. Nonetheless,

changes in cell type proportions describes relevant disease phenotypes such as diabetes,

blood disorders and diseases of the immune system, and scRNA-seq offers a new window

towards numerous diseases.

Perturb Wnt/PCP signalling in the small intestinal epithelium

The analysis of Celsr1crsh/+ mutant mice revealed several disadvantages. First, homozy-

gous missense mutation in the Celsr1 coding region is lethal in the neonatal state, which is
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why we used the heterozygous mouse line instead. Even though we observed reduced Fltp

and Celsr1 gene expression, it is unclear how the loss of Celsr1 is compensated. Here,

a conditional knock-out of Celsr1 potentially provides informative insights on the role of

Celsr1 in lineage commitment of Paneth cells.

The scRNA-seq mutant analysis also revealed a high number of affected genes, which are

directly or indirectly associated with canonical Wnt signaling and Wnt/PCP signalling,

respectively. The role and interaction partners of these genes is not fully understood and

genes such as Zfos1 are still uncharacterized. Due to incomplete annotations, we sus-

pect that gene set enrichment analysis did not yield reliable results. Furthermore, the

manual inspection of the differentially expressed genes between mutant and control con-

dition showed that Wnt signaling is tightly regulated with various interacting partners.

Therefore, testing all relevant genes in a (conditional) knock-out mouse line is practically

infeasible and we have to explore new screening models to explore cause, interaction and

effect of genetic perturbation in the small intestinal epithelium.

Integrate multi-omics data

The focus of this thesis was on single-cell RNA-sequencing data analysis. As pointed

out in the introduction (see section 1.2), single cells experiments access different omics-

layers, such as genome, proteome and chromatin organization. The development of other

single-cell omics technologies is lagging behind the scRNA-seq field. However, obtaining

so-called multi-omics data covering e.g. proteome and transcriptome, or transcriptome

and chromatin organization of the same cell, will provide insights to gene regulation, cell

fate decision making, and reorganization in de-/transdifferentiation processes.

Methods like the CITE-seq approach [Stoeckius et al., 2017] enables already simultaneous

measurement of proteome and transcriptome in the same cell. Here, only few proteins can

be measured through limited availability (and high costs) of antibodies. However, even

with 50 proteins and a full transcriptome available per single cell, we are faced with new

challenges for statistical data integration [Colomé-Tatché and Theis, 2018]. In particular,

we have to connect two or more layers of information with different noise and expression

characteristics [Bock et al., 2016]. Potential models to tackle multi-omics data integration

are Gaussian graphical models [Do et al., 2015], which are already applied for bulk mea-

surements. Moreover, Gaussian process latent variable models as in MATCHER [Welch

et al., 2017] have been successfully applied for multi-omics data integration of single cells,

but with omics measured in different cells. Similar potential has dynamic time warping

on single-cell data as in cellAlign [Alpert et al., 2018] and Seurat [Butler et al., 2018].

Furthermore, the existing scRNA-seq analysis frameworks such as Seurat [Butler et al.,

2018], PAGODA [Fan et al., 2016] and Scanpy [Wolf et al., 2018a] will have to extend to
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integrate multi-omics data. This might be easy for proteome data, which is analogous

to transcriptome data (except for post-translational modifications). In contrast, chro-

matin accessibility measured by scATAC-seq is organized by genomic position, where a

considerable amount of reads come from distal intergenic regions such as cis-regulatory

elements [Buenrostro et al., 2015b]. Thus, an annotation of scATAC-seq data into genes as

in transcriptomics is not straightforward. All in all, leveraging the integrated information

of single-cell multi-omics is a challenging future work.

Establish a standard analysis pipeline for scRNA-seq data

In Chapter 2 we presented several methods to filter, normalize, correct, cluster, order,

and characterize scRNA-seq data. In Chapter 3 we compared normalization and batch

correction methods with the goal to derive best practices for scRNA-seq data normalization

and batch effect correction. However, we realized that different datasets required different

handling, but we could identify well performing methods such as scran for normalization

and ComBat for batch effect correction.

Working towards a standardized analysis pipeline, frameworks such as Seurat [Butler

et al., 2018], PAGODA [Fan et al., 2016] and Scanpy [Wolf et al., 2018a] play an integral

role. For example, the underlying data structure of Scanpy is similar to the ExpressionSet

R object in Bioconductor [Huber et al., 2015]. Thus, Scanpy provides a customizable

platform for scRNA-seq data analysis that allows the comparison of different analysis

options. However, if we finally establish a standard pipeline, we have to consider our

method choice. For example, it is unclear, if we should choose a best-performing method

tailored specifically for a given dataset or if we are satisfied with a standard method that

performs satisfactorily on a broad range of datasets. In the latter, we inevitably lose

accuracy to increase comparability. In addition, every new method holds the potential to

solve the issues of previous methods. Hence, establishing efficient tests for benchmarking

new tools on a variety of datasets and methods will speed up method development for

scRNA-seq.
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Javier Muñoz, Daniel E Stange, Arnout G Schepers, Marc van de Wetering, Bon-Kyoung

Koo, Shalev Itzkovitz, Richard Volckmann, Kevin S Kung, Jan Koster, Sorina Rad-

ulescu, Kevin Myant, Rogier Versteeg, Owen J Sansom, Johan H van Es, Nick Barker,

Alexander van Oudenaarden, Shabaz Mohammed, Albert J R Heck, and Hans Clevers.

The Lgr5 intestinal stem cell signature: robust expression of proposed quiescent ‘+4’

cell markers. The EMBO Journal, 31(14):3079–3091, 2012.

Kevin P Murphy. Machine Learning: A probabilistic perpective. MIT Press, 2012.

Takashi Nagano, Yaniv Lubling, Tim J Stevens, Stefan Schoenfelder, Eitan Yaffe, Wendy

Dean, Ernest D Laue, Amos Tanay, and Peter Fraser. Single-cell Hi-C reveals cell-to-cell

variability in chromosome structure. Nature, 502:59–64, 2013.

M E J Newman and M Girvan. Finding and evaluating community structure in networks.

Physical Review E, 69:026113, 2004.

Jerzy Neyman, Egon S Pearson, and Karl Pearson. IX. On the problem of the most

efficient tests of statistical hypotheses. Philosophical Transactions of the Royal Society

of London. Series A, Containing Papers of a Mathematical or Physical Character, 231

(694-706):289–337, 1933.

Neeta Patel, Joe Varghese, Patarabutr Masaratana, Gladys O Latunde-Dada, Molly Jacob,

Robert J Simpson, and Andrew T McKie. The transcription factor ATOH8 is regulated

by erythropoietic activity and regulates HAMPtranscription and cellular pSMAD1,5,8

levels. British Journal of Haematology, 164(4):586–596, 2013.

Rob Patro, Geet Duggal, Michael I Love, Rafael A Irizarry, and Carl Kingsford. Salmon

provides fast and bias-aware quantification of transcript expression. Nature Methods,

pages 1–10, 2017.

Franziska Paul, Ya’ara Arkin, A Giladi, Diego Adhemar Jaitin, and Ephraim Kenigsberg.

Transcriptional heterogeneity and lineage commitment in myeloid progenitors. Cell,

2015.

Joseph N Paulson, Cho-Yi Chen, Camila M Lopes-Ramos, Marieke L Kuijjer, John Platig,

Abhijeet R Sonawane, Maud Fagny, and John Quackenbush. Tissue-aware RNA-Seq

processing and normalization for heterogeneous and sparse data. BMC Bioinformatics,



BIBLIOGRAPHY 163

18:437, 2017.

Karl Pearson. LIII. On lines and planes of closest fit to systems of points in space. The

London, Edinburgh, and Dublin Philosophical Magazine and Journal of Science, 2(11):

559–572, 1901.

Elizabeth Pennisi. Development cell by cell. Science, 362(6421):1344–1345, 2018.
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