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Abstract

Since its development in 2009, single cell RNA sequencing (scRNA-seq) has

been a game-changer in understanding cellular biology, offering unprece-

dented resolution. Over the past decade, advancements in scRNA-seq tech-

nology have greatly enhanced throughput, specificity, and cost-effectiveness,

leading to profound insights into organ development, tissue heterogeneity,

cellular communication, and disease mechanisms.

However, despite its benefits, scRNA-seq introduces new complexities,

particularly in bioinformatic analysis. While the landscape of bioinformatic

tools has considerably expanded with the rise of next generation sequencing

(NGS), not all tools are suited for the processing of single cell data. Unique

challenges, such as barcode detection, separating cell RNA from ambient

RNA, and normalizing zero-inflated count matrices, necessitate specialized

solutions while simultaneously increasing the entry barrier to data analy-

sis. This challenge is further complicated by the growing amount of data

and meta data in the field of single cell transcriptomics. In addition to the

growing demand for storage capacity, it is becoming increasingly complex

for researchers to keep track of available data as well as to organize or share

their own experimental data for analysis, making it more difficult to extract

the optimal outcome from an experiment. Therefore, standardized storage

and data management solutions are crucial to ensure efficient research in

the future.

To overcome these challenges, WASP (Web-Accessible Single Cell RNA-

seq Analysis Platform) was developed. WASP provides comprehensive pre-

processing and downstream analysis, including clustering of cellular popu-

lations and identification of marker genes. By providing automated work-

flows and a user-friendly interface, WASP greatly reduces the entry bar-

rier for researchers, enabling them to perform data analysis independently.

Moreover, WASP supports protocols from various manufacturers, offering



researchers flexibility in their choice of single cell platforms. To target the

amount of growing scRNA-seq data, WASP has further been integrated into

the openBIS research data management platform, facilitating the organiza-

tion and storage of experimental single cell data as well as WASP analysis

results. Leveraging cloud storage and virtual machines provided by the

German Network for Bioinformatics Infrastructure (de.NBI), WASP enables

direct analysis of single cell data within the openBIS environment, enhanc-

ing accessibility and promoting FAIR data practices.



Zusammenfassung

Seit ihrer Enwicklung 2009 hat die Einzelzell-RNA-Sequenzierung (scRNA-

seq) das Verständnis der Zellbiologie mit einer bisher unerreichten Auflö-

sung fundamental verändert. Über die letzten zehn Jahre haben Fortschritte

in der scRNA-seq-Technologie den Durchsatz, die Spezifität und die Kosten-

effizienz bedeutend verbessert, was in tiefgreifenden Erkenntnissen über

Organentwicklung, Heterogenität von Geweben, zelluläre Kommunikation

und Krankheitsmechanismen gemündet hat.

Trotz dieser Vorteile bringt diese Technologie jedoch auch neue Heraus-

forderungen mit sich, insbesondere im Bereich der Bioinformatik. Zwar

hat sich die Anzahl der Bioinformatik-Werkzeuge mit dem Aufkommen

der Sequenzierung der nächsten Generation (NGS) deutlich erweitert, je-

doch sind nicht alle diese Werkzeuge für die Auswertung von scRNA-seq-

Daten geeignet. Neue Herausforderungen wie die Erkennung von Bar-

codes, Unterscheidung zwischen Zell- und freier RNA aus beschädigten

Zellen sowie die Normalisierung von nulllastigen Expressionsmatrizen er-

fordern spezielle Lösungen und erhöhen die Einstiegshürde in die Date-

nanalyse. Diese Herausforderung wird durch die stetig wachsende Menge

Daten sowie Metadaten auf dem Gebiet der scRNA-seq noch weiter erschw-

ert. Zusätzlich zum wachsenden Bedarf an Speicherkapazitäten wird es für

Forschende immer komplexer, den Überblick über verfügbare Daten zu be-

halten sowie ihre eigenen experimentellen Daten für die Analyse zu organ-

isieren oder zu teilen, was es erschwert ein optimales Ergebnis aus einem

Experiment zu erhalten. Daher sind standardisierte Speicher- und Daten-

verwaltungslösungen von essentieller Bedeutung, um auch in Zukunft eine

effiziente Forschung gewährleisten zu können.

Für diese Herausforderungen wurde WASP (Web-Accessible Single Cell

RNA-seq Analysis Platform) entwickelt. WASP kombiniert eine automa-

tisierte Vorverarbeitung und anschließende Analyse mit Clustering von Zell-



populationen und Identifizierung von Markergenen mit einer benutzer-

freundlichen Oberfläche und senkt die Einstiegshürde für Forschende erhe-

blich. Zusätzlich unterstützt WASP Protokolle verschiedener Hersteller um

Benutzenden Flexibilität bei der Wahl der scRNA-seq-Geräte zu bieten. Um

der wachsenden Menge an scRNA-seq-Daten gerecht zu werden, wurde

WASP in die openBIS-Forschungsdatenmanagementplattform integriert,

welche die Organisation und Speicherung von experimentellen Daten sowie

von WASP-Analyseergebnissen ermöglicht. Durch die Nutzung von Cloud-

Speicher und virtuellen Maschinen, welche vom Deutschen Netzwerk für

Bioinformatik (de.NBI) zur Verfügung gestellt werden, ermöglicht die In-

tegration von WASP in openBIS dabei Organisation, Speicherung und eine

direkte Analyse von scRNA-seq-Daten innerhalb der openBIS-Umgebung

basierend auf FAIR-Prinzipien.
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1 Background

1 Background

” Science and everyday life cannot and should not

be separated.

— Rosalind Franklin

(Biochemist)

1.1 Protein biosynthesis

One of the central processes of cellular life is protein synthesis. Proteins represent the

largest fraction of macromolecules in a cell, function as fundamental building blocks,

and play an essential role in almost every task of cellular life [1]. Protein synthesis can

be separated into two sub-processes: transcription and translation (Fig. 1). While an or-

ganism’s deoxyribonucleic acid (DNA) contains the blueprints for proteins in the form

of a sequence of nucleobases - also called genes - it is not directly used for generating

proteins. Instead, during the transcription process, gene sequences from the DNA are

copied into a complementary messenger ribonucleic acid (mRNA) sequence. This pro-

cess is initiated by binding the ribonucleic acid (RNA) polymerase enzyme to the DNA

in a specific region upstream of the gene sequence - also called promoter sequence.

Following, the DNA double helix unwinds, and the RNA polymerase begins reading

the DNA sequence base by base and generating a complementary chain of nucleotide

bases. Compared to DNA the nucleotide thymine is replaced with uracil in RNA se-

quences. The transcription process is finally stopped when the terminator sequence is

reached on the DNA template strand. In many cases, this is dependent on additional

proteins (termination factors).

During the second step - translation, the mRNA is bound by the ribosome and the

two ribosomal subunits attach to the mRNA molecule. The ribosome reads the mRNA

sequence and uses it as a template to generate a chain of amino acids, thereby build-

ing the protein. For this step, the ribosome relies upon transfer RNAs (tRNAs) which

deliver the amino acids. To ensure incorporation of the correct amino acid, each tRNA

18



1 Background

binds to a specific sequence of three nucleotides (also called codon). A specific codon

sequence iniates the translation start, also called the start codon, leading to the first

tRNA binding to the mRNA. Next, the ribosome moves to the second codon, and the

next tRNA binds to this complementary sequence and delivers the second amino acid.

Using the enzyme peptidyl transferase, a covalent peptide bond formation between

the two amino acids is catalyzed. Following this, the ribosome releases the first tRNA

and moves along to the third codon, again calling another specific tRNA with a com-

plementary sequence to the third codon. This process continues until a so-called stop

codon is encountered. In this case, no tRNA provides a complementary sequence to

the codon, leading to the termination of translation and causing the previously formed

polypeptide chain to be released from the ribosome.

A B

DNA RNA RNA Protein

RNA Polymerase Ribosome

Figure 1: Protein synthesis start with the DNA. A) Transcription - RNA polymerase binds one of the

strands of the unwound DNA and generates a complementary single-stranded RNA sequence.

B) Translation - the ribosomal subunits bind to the RNA and generate a chain of amino acids, the

protein, based on triplet sequences of nucleobases. Figure created with BioRender.com

The process of utilizing RNA as an intermediate step in protein synthesis provides a

variety of advantages:

• RNA can be synthesized fast but also degraded to enable the cell to respond to

specific conditions and to regulate gene expression.

19
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• In eukaryotes, a gene can contain intragenic regions (introns) and expressed re-

gions (exons) regions. During the so-called splicing of the pre-mRNA, introns

are removed, and different combinations of exons can be merged into the final

mRNA, leading to numerous possible proteins that can be synthesized from the

same gene sequence.

• Also, in eukaryotes, the transcription occurs in the nucleus, while translation oc-

curs in the cytoplasm. Transporting the mRNA out of the nucleus for translation

provides an additional layer of flexibility and control over protein synthesis.

The analysis of all RNAs transcribed by the genome inside a cell or tissue - also

called transcriptome - especially of the set of mRNAs, enables detection of differential

gene expression, giving a more dynamic description of genetic processes compared

to just studying the genome alone. This is very important for the understanding of

processes involved in diseases, response to environmental stimuli, and identification

of genes belonging to key molecular pathways [2]. It allows a widespread application

in biomedical research, e.g. cancer research [3], autoimmune diseases [4], or infection-

related diseases such as the recently emerged Coronavirus Disease 2019 (COVID-19)

[5].

1.2 Sequencing

In 1991, the capture of 609 mRNA sequences from a human brain marked the first study

attempting to capture at least a partial cellular transcriptome. For this, commercial com-

plementary deoxyribonucleic acid (cDNA) libraries were chosen and sequenced based

on mRNA human brain isolates from the hippocampus and temporal cortex [6]. This

approach is also known as expressed sequence tag (EST) analysis, in which cDNAs are

synthesized based on mRNAs isolated from a cell. These cDNA libraries are then used

to generate short sequences of the cDNAs, which are then sequenced [7]. However, due

to limitations of the predominant Sanger sequencing method at that time, this approach

was expensive, had relatively low throughput, and did not allow quantitative measure-

20
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ments. Consequently, other techniques have been developed, enabling quantification

and enabling a higher throughput [8] [9].

One technology to overcome the mentioned issues are microarrays, consisting of a

solid substrate, e.g. a glass slide with short nucleotide oligomers fixed on the sub-

strate as probes. In the course of a microarray experiment, mRNA is extracted from

the cell, translated into cDNA, and binds to complementary nucleotide probes on the

microarray substrate. In addition, transcripts can be labeled fluorescently to use the

intensity for measuring transcript abundance. This allows thousands of transcripts to

be analyzed simultaneously, saving cost and labor time. However, generation of the

nucleotide probes requires prior knowledge of the cell or organism of interest to gen-

erate sequences complementary to the targeted mRNAs. Furthermore, this prevents an

analysis of the whole transcriptome or all mRNAs inside a cell, as only the sequences

of genes complementary to probes will be bound to the substrate [8].

With the advent of the next-generation sequencing (NGS) technologies in the 2000s,

mRNA sequencing experienced a resurgence (Fig. 2). By enabling relatively inex-

pensive sequencing at a massive scale, ribonucleic acid sequencing (RNA-seq) revo-

lutionized the field of transcriptomic analysis [9]. Similar to the sequencing of ESTs,

the mRNA initially has to be transformed into cDNA, which is then fragmented into

short sequences and sequenced. These fragments typically consist of around 100 base

pairs (bps), but depending on the technology, they can range from 30 bps to over 10,000

bps. Due to the high throughput, RNA-seq allows quantification of reads - the ana-

lyzed nucleotide sequence - with a lower overall sample volume than microarrays [8].

Furthermore, as this approach can - at least in theory - detect all RNAs inside a cell, it

enables analysis of the whole transcriptome instead of only a selected number of genes

as in microarrays.

While several companies have developed their own technologies and devices, the

NGS market is nowadays almost exclusively dominated by the company Illumina.

Their sequencing technology is used to generate more than 90% of the world’s sequenc-

ing data [11] [12]. The method Illumina uses was developed by the British chemists

21
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Figure 2: Transcriptomic methods used in publications. Number of publications referring to one of the

three mainly used transcriptome analysis technologies since 1990 [10].

Shankar Balasubramanian and David Klenerman. To commercially exploit their ap-

proach, they founded a company named Solexa, which released its first sequencing

device - the Genome Analyzer - in 2006. Solexa was then acquired by Illumina in the

same year [13]. To create a sequencing library suitable for Illumina, DNA is fragmented

and adapter sequences are ligated to the ends of each fragment. Afterwards, the DNA

fragments are distributed onto a glass flow cell, bound to oligonucleotides complemen-

tary to the adapter sequences. First, bound DNA is replicated by the so-called ’bridge

amplification’ method. During this process, DNA strands arch over and hybridize to

an adjacent oligonucleotide that is also fixed to the flow cell’s surface, and a polymerase

chain reaction (PCR) is performed in order to produce multiple copies of the DNA tem-

plate. As a result, ’bridge amplification’ produces about 1,000 clonal molecules from

each single DNA molecule [13] [14]. Second, sequencing is initiated with hybridiz-

ing a primer complementary to one of the adapter sequences. Also, DNA polymerase

and modified deoxynucleoside triphosphates (dNTPs) are added, and the sequencing
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process is performed in cycles, with one nucleotide being synthesized during each of

them. The modified dNTPs are labeled with different fluorophores which occupy the

3’ hydroxyl position, thereby preventing incorporation of more than one dNTP. In-

corporated nucleotides are then identified by exciting the fluorophores with a laser and

monitoring the signal with a charge-coupled device (CCD). In the last step of each cycle,

the fluorescent components are cleaved and, washed away, and the next cycle begins

[13] [14] [15].

1.3 Bulk RNA sequencing

The first NGS-based RNA-seq study of an EST library in 2007 [16] marks the beginning

of the extensively used analysis method of so-called bulk RNA-seq. Here, the name

bulk refers to the fact that a whole tissue or cell population is used as starting material

for the following sequencing. Therefore, the sequencing results are able to then give

insights into the transcriptome of all sample cells combined. However, as a cell con-

tains various different RNA types, an RNA-seq study might require a specific protocol

to obtain the type of RNA which should be analyzed. The typical steps in such an ex-

periment include isolation of and selection of RNA, preparation of a sequencing library,

and finally the sequencing itself on an NGS platform (Fig. 3) [17]:

• RNA isolation: As a first step, the RNA must be isolated from the biological sam-

ple. For this, the cells must be lysed, RNA separated from other cellular compo-

nents such as DNA or proteins. After extraction, the quality of the RNA should

be measured, e.g. by calculating the RNA integrity number (RIN) based on gel

electrophoresis and analysis of the ratios of 28S to 18S ribosomal subunit bands

[18]. Using samples with a bad quality can negatively influence sequencing and

lead to incorrect biological interpretations.

• RNA selection: Typically, this step includes selecting desired RNA species, re-

verse transcription into cDNA, often amplifying and ligating required adapters

to be sequenced with an NGS platform. As mentioned before, RNA-seq enables
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analysis of the full transcriptome so selecting the correct RNA species based on

the research question is crucial. Generally, a cell contains a variety of different

types of RNAs [17]:

– ribosomal ribonucleic acid (rRNA)

– precursor mRNA

– mRNA

– various classes of non-coding RNA (ncRNA)

The highest fraction of RNA species in most cell types consists of rRNA with over

95% in most cell types. As a result, rRNA transcripts are typically removed from

the sample as their presence would reduce the fraction of other RNA molecules

and thus impact detection of other RNA species of interest. This can be achieved

by actively removing or depleting rRNAs with commercial kits. Another option

is to enrich a specific RNA type selectively. In the case of the typical gene ex-

pression analysis experiment, mRNAs can be selected based on their polyadeny-

lation. As mRNA molecules in eukaryotes contain a poly-A tail consisting of

multiple adenosine monophosphates, they can be bound to complementary poly-

T oligonucleotides - consisting of numerous thymine monophosphates - attached

to a substrate such as magnetic beads [17] [19].

• Library preparation: After RNA species selection, the sample can be sequenced.

Even though the library preparation depends on the NGS platform, most steps are

quite universal. The isolated RNA molecules have to be fragmented into smaller

pieces. This can be achieved by physical methods such as sonication, enzymatic

treatments with e.g. the enzyme RNAse II, or chemical treatment such as heat.

In the next step, the RNA is conversed into cDNA, which increases the stability

of the molecule and is necessary as NGS devices are limited to sequencing DNA

molecules. Following, sequencing adapters are ligated to the generated cDNA

molecules. Adapters vary depending on the sequencing protocol: in the case of

single-end (SE) sequencing, the reads will only be generated from one end, either
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3’ or 5’. On the contrary, paired-end (PE) sequencing generates reads from both

ends of the molecule with a predetermined length, generating two reads per tem-

plate. While SE sequencing is usually selected due to lower cost, PE sequencing

retains information about detected isoforms of expressed genes [20]. Finally, the

constructed sequencing library consisting of the modified cDNA reads is ampli-

fied using PCR and sequenced [17] [19].

An exception to the aforementioned steps are the so-called third generation se-

quencing devices from companies such as PacBio and Oxford Nanopore, which

offer direct sequencing of RNA molecules, including generation of long-reads of

up to 26,000 bp [21] compared to the typical 75 - 125 bp from short-read sequenc-

ing such as Illumina-based devices [19].

After successful preparation and sequencing, the reads can be extracted from the

NGS device and bioinformatically analyzed.
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Figure 3: Main steps conducted in a bulk RNA-seq experiment.
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1.4 Single cell RNA sequencing

While bulk RNA-seq proved to be a revolution to the field of transcriptomics and gave

researchers a powerful technique to gain a deeper understanding of e.g. gene expres-

sion processes and their impact on diseases, it lacks an essential feature: this approach

relies on a bulk of cells, e.g. a whole tissue, but this also means that the obtained infor-

mation represents the gene expression averaged over the entire sample. This represents

a major issue as it has been shown that heterogeneity does not only occur between tis-

sues but also between cells inside a tissue or with similar phenotypes [22]. The tran-

scriptomic changes inside a cell might be related to changing stimuli as well as mRNA

synthesis and decay. Also, tissues comprise a variety of different cell types, that might

exclusively express a gene. However, in bulk analysis studies this exclusive expres-

sion pattern may be falsely identified as a co-expression with other genes over all cells.

Thus, it is not possible to distinguish between e.g. different cell types showing different

gene expression patterns. This means that especially rare cell types with a low abun-

dance in a sample are not visible in the data and results will be dominated by cells with

higher abundances. An illustrative example for this is the development of cancer in

e.g. a human body. Even though a typical human body consists of approximately 37.2

trillion cells, a single cell can be sufficient to lead to the downfall of the entire organism

[23].

In order to overcome the limitations of bulk sequencing, new protocols and tech-

niques have been developed to increase the resolution up to a single cell level - the

fundamental building block of every living organism. The first experiment that was

successfully analyzed on a single cell level was published in 2009 with a transcriptome

study on blastomeres from a four-cell-embryo stage of mice [24]. This was achieved by

modification of a single cell cDNA amplification method used for microarrays. As a

first step, a single cell was manually selected using microscopy and lysed afterwards.

In order to yield a sufficient amount of input material for the sequencing process, the

reverse transcription step was prolonged from 5 minutes (min) to 30 min as well as

the PCR step was increased from 3 min to 6 min. The generated cDNA was then frag-
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mented by sonication and sequenced with the SOLiD platform [24]. Even though some

steps of single cell RNA-seq experiments are similar to bulk RNA-seq, others required

entirely new approaches. In general, a single cell RNA-seq experiment can be separated

into these major steps:

1. Cell isolation

2. Amplification

3. Sequencing

4. Analysis

1.4.1 Cell isolation

The first step in performing single cell RNA-seq is the separation and isolation of cells

from tissues or a cell culture. This step is crucial to ensure that each cell can later be

processed, its RNA sequenced and analyzed individually. Over time, multiple methods

have been developed with a range of advantages and disadvantages [25] [26].

Serial dilution is based on the Poisson distribution and is the simplest method which

works by diluting a cell population multiple times. As an advantage, this step can be

performed using hand pipettes or pipetting robots with, e.g. 96-well plates resulting

in a convenient and low-cost operation (Fig. 4). However, on the downside, erroneous

cell separation may lead to wells containing multiple cells. Furthermore, this method

is time-consuming, provides only a low throughput, and cannot filter target cells [25].

Micromanipulation describes the approach of selecting a cell from a cell suspension

via microscopy and using a capillary pipette to suck up the cell (Fig. 5). The advan-

tage of this method is the possibility to inspect the cellular morphology and coloring

before selecting a cell, thus enabling the filtering of cells. However, the drawback of

this method is also the time-consuming manual labor, a low throughput of cells, and

possible cell damage due to mechanical shearing [25] [27].

28



1 Background

Figure 4: Single cell separation by dilution of a cell population in a 96-well plate. Process starts with

the highest cellular concentration on the left side with increasing dilution for each column to the

right side. Figure created with BioRender.com

Figure 5: Single cell separation using a microscope and a pipette. Cells are mixed in a solution and can

be selected using a microscope (left) and a micropipette (right). Figure created with BioRender.com

Fluorescence-activated cell sorting (FACS) is a separation technique mainly based

on flow cytometry. Suspended cells are flowed through a device under pressure, gen-

erating a constant stream of cells passing one or multiple lasers. The resulting light

scattering enables measuring of cell size and granularity (Fig. 6). Furthermore, detec-

tion of specific cells of interest is possible using fluorescent markers, e.g. transfection

and expression of fluorescent proteins or staining with fluorescent dyes or antibodies
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against known markers. The advantages of this method are a high throughput as well

as high accuracy in selecting and separating cells of interest. Disadvantages are its re-

quirement for a large sample size and the limited fluorescence signal intensity which

might lead to losing specific cell types, especially in case of low abundance cells. Fur-

thermore, cells might get damaged due to the rapid liquid flow in the device or the

fluorescent dyes [26] [28].
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Figure 6: Single cell separation using a flow cytometry system. Cells are shown in green and purple and

flow as a suspension through the device. A laser is used to measure the fluorescence of cells after

treatment with specific fluorescent proteins or antibodies. Depending on fluorescence, cells are

charged and then separated based on their charge. Two optical detectors measure light scattered

by cells, forward scatter (FSC) can be used to discriminate between cells based on their size, and

side scatter (SSC) can be used to analyze internal complexity of the cell such as granularity. Figure

created with BioRender.com

Immunomagnetic separation (IMS) utilizes magnetic beads with antibodies bind-

ing to cell surface antigens of interest. This results in connecting only cells with the

corresponding surface marker to the beads, enabling separation of cells of interest (Fig.

7). Compared to FACS, IMS benefits from lower costs and less instrumental needs.

However, depending on the phenotype of interest, selection might be quite complex.
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Also, a known surface marker is required to apply this technique, and compared

to FACS it is only possible to select positive or negative marker expression, but not

based on the expression level of the marker. Another disadvantage of IMS are possible

alterations of phenotype or viability of the cell due to a possible continuous binding or

engulfing of bead components after separation [26] [29].

Figure 7: Single cell separation using magnetic antibodies. Magnetic antibodies (blue) bind to the cell’s

(purple, yellow, green) surface antigens of interest. By using a magnet, antibodies with their

bound cells remain in the reaction tube while the supernatant containing other cells can be re-

moved with e.g. a pipette. Figure created with BioRender.com

Laser capture microdissection (LCM) describes cutting cells out of tissue samples

using a laser beam. The laser is coupled to a microscope enabling the user to select a

region of interest. Following the cutting process, an extraction process is carried out

to fix the cells, e.g. by melting a transparent membrane cover onto the cut-out region

(Fig. 8). A major advantage of this method is the preservation of a spatial location of

cells and manual selection of a specific region in the sample. Shortcomings of LCM

include high cost, a low throughput of cells, and possible damage to cells as a result

of the cutting process. This might lead to loss of chromosomal fragments or damaged

nuclei of adjacent cells. Also, this method is less suitable for single cell transcriptomic

studies as LCM often leads to RNA degradation within the sample [26].
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Figure 8: Single cell separation using laser capture microdissection. The cell of interest (green) is mi-

croscopically selected in a tissue (pink) and cut by a coupled laser beam (red). Following this, a

medium such as a transparent membrane cover is melted onto the cut-out region to extract the

cell. Figure created with BioRender.com

Microfluidic platforms separate cells based on properties such as diameter or sur-

face antigens. For this, the cells are processed in small volumes of fluids in channels

of small dimensions of 10 - 100 micrometers. A widely used commercial implemen-

tation was the microfluidic chip C1 from Fluidigm, containing the fluidic channels in

which cells are captured. After capturing, cells can be readily processed for sequencing

library generation on the chip, including cell lysis, reverse transcription of mRNA into

cDNA, and amplification. Due to the micro reaction volumes used in this method, a

high throughput with low reagent consumption is achieved, leading to reduced cost.

Furthermore, accuracy and efficiency of the amplification process benefit from the small

volumes, and cell contamination rates are reduced. However, these benefits come with

strict equipment requirements including high-priced devices. Other drawbacks include

an increased input volume of at least 1,000 cells and a homogenous cell size limit [26]

[30].

Microdroplet-based microfluidics is a different approach in the field of microfluidics

devices. Instead of using, e.g. a chip, single aqueous droplets containing lysis buffer are

dispensed in a continuous oil phase. These droplets are brought together with a flow

of the sample cells and beads, leading to encapsulation of cell and bead into droplets

(Fig. 9). Subsequently, the cells are lysed and their RNA is released into the droplet.

Using poly-T oligonucleotides bound to the beads, mRNA from the cell is bound with

its poly-A tail and prepared for the next analysis steps.
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Compared to older microfluidic systems such as chips, even lower volumes are re-

quired for cell preparation, leading to a much higher number of tens of thousands to

millions of cells which can be analyzed in one run at reduced cost. This higher sample

number allows the analysis of also rare cell types in a larger sample. However, similar

to, e.g. chip-based systems, a higher number of input cells is required. Furthermore,

droplets might accidentally capture two cells that will be processed together or even

capture no cell at all but instead free mRNA from a cell damaged inside the device

leading to false results. Also, analysis is limited to 3’ ends of the RNA instead of full

transcripts. Finally, the reduced processing cost is met with expensive devices [30] [31].

Figure 9: Single cell separation using a microfluidics device. The cell suspension (green) flow is mixed

with beads (blue dots) and lysis buffer, finally flowing into an oil phase. As a result, droplets

consisting of lysis buffer containing cells and beads are formed. Figure created with BioRender.com

Reversible hydrogel utilizes liquid-gel-liquid transitions to separate and process sin-

gle cells. For this, cells in a suspension are labeled with a chemical linker. In the second

step, the cell solution is mixed with a solution containing beads in a gelation tube. Ho-

mogenization with a micropipette leads to collisions and thus coupling of an individual

labeled cell with an individual bead. Afterwards, the new mixture is diluted into a hy-

drogel solution containing thermal-sensitive polymers. The gelation process is then

performed by incubation on ice, leading to immobilization of the bead-cell complexes.

In the next step, lysis buffer is added, which diffuses into the hydrogel, enables lysis

of the cells, and results in the release of mRNAs that are bound to poly-T sequences of
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the coupled bead. Finally, the hydrogel is degelated, beads can be extracted and the

mRNAs processed.

A great benefit of this method is its independence from specific instruments or de-

vices. All of the previously mentioned steps can be performed using standard labora-

tory equipment, enabling to be carried out at variable sample collection points, possi-

bly reducing cellular stress and processing delays necessary in case of sample transfer.

Furthermore, no up-front investment in possible expensive devices is necessary. Com-

pared to microfluidics devices, it is also less restricted by larger cell sizes and scalabil-

ity for larger sample sizes might be achieved by modifications of the gelation device.

However, even though first comparisons to commercial droplet devices such as the

Chromium series from 10x Genomics look promising, this technology has been devel-

oped recently and might require more dedicated benchmark experiments to compare

its quality to established technologies. Also, while in theory it is possible to increase

scalability, it has been currently only tested and is limited to capturing 10,000 cells at

best, which is less compared to throughput rates of current microdroplet devices [32].

Barcodes and unique molecular identifiers (UMIs) are oligonucleotide modifica-

tions aiming to increase throughput and reduce an amplification bias that some cap-

tured mRNA sequences might be amplified more often than others. They are typically

employed with technologies yielding a high throughput and using beads or micropar-

ticles to capture mRNAs such as microdroplets or reversible hydrogel.

• Barcodes are oligonucleotide sequences consisting of multiple DNA bases A, C,

G and T. In case of the original Drop-seq protocol, barcodes had a length of 12

bp and were generated by running 12 cycles of split-and-pool synthesis leading

to 412 possible barcodes. As every unique barcode sequence is added to only one

bead, all mRNAs captured by one bead can be identified with the same barcode,

thus enabling to process and sequence a high number of cells in one run or device

reducing cost and massively increasing throughput [31] [32].
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• UMIs are also randomly generated oligonucleotide sequences, similar to the bar-

codes. However, their sequence is usually shorter than the barcode sequence, and

in the case of the original Drop-seq protocol, UMIs had a length of 8 bp. In con-

trast to the barcodes, they are not unique for each bead, but instead unique for

each mRNA fragment captured by the bead. This enables to tackle a possible am-

plification bias. So instead of counting the number of sequences identified for a

gene, the UMI sequence is counted instead in the later analysis [31].

Barcodes and UMIs are usually flanked by a primer sequence identical on all beads

that is used for PCR and sequencing and a poly-T oligosequence consisting of mul-

tiple thymine bases, that is complementary to the poly-A sequence of the mRNAs.

Hence, a typical bead is then coated with a high number of oligonucleotides containing

a primer sequence similar to all other beads, a barcode sequence which is similar to all

barcodes of oligonucleotides on the same bead, an UMI sequence which is unique for

each oligonucleotide on a bead and finally, a poly-T sequence (Fig. 10). Depending on

the protocol or commercial implementation, the oligonucleotides might contain some

additional sequences that are used for analysis purposes. Also, the length of primer,

barcode, UMIs and poly-T sequence might vary between different implementations

[31].
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Figure 10: Scheme of a bead or microparticle with attached oligonucleotides used to capture mRNAs in

single cell experiments. The primer sequence is identical across all beads, barcode sequence is

identical for all oligonucleotides on the same bead, UMI sequence is unique for each oligonu-

cleotide and poly-T sequence consists of multiple thymine bases. mRNAs from a lysed cell

are bound to the poly-T part with their complementary poly-A sequence. Thus, each captured

mRNA is assigned a unique UMI and a barcode identical to all mRNAs from the same cell. [31]

1.4.2 Amplification

As the amount of RNA extracted from a single cell is not sufficient for library prepa-

ration and sequencing. While a typical RNA-seq experiment requires a microgram

amount of input RNA, a single cell contains only about 10 pg of total RNA and 0.1

pg of mRNA. Thus, the necessary amount of input RNA would require around a mil-

lion cells as input [33]. However, this issue is avoided by amplification of the input

material coming from single cell experiments. As a first step, the captured mRNA is

turned into cDNA by reverse transcription [26]. Following this conversion, two differ-

ent approaches are commonly used for amplification of the input RNA material:
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• in vitro transcription (IVT)-based amplification. This was the first method used

for successful amplification of RNA and is based on the RNA polymerase of the

T7 bacteriophage infecting Escherichia coli. In the initial step, the reverse transcrip-

tion of the captured mRNA into cDNA is performed using a specifically designed

primer. This primer contains a binding sequence, e.g. a poly-T sequence, a promo-

tor sequence required by the T7 polymerase and optionally other sequences such

as barcodes or sequencing adapters. After binding to the poly-A tail of the mRNA,

the reverse transcription reaction takes place and a double-stranded cDNA con-

taining the T7 promotor sequence is generated. Following, the IVT takes place

and the T7 polymerase transcribes multiple RNA copies of the cDNAs leading to

a linear amplification rate. Finally, these copies are converted back into cDNA so

that they can be sequenced [33] [34].

• PCR-based amplification. This method is ubiquitously used in modern molecu-

lar biology and medical science to amplify small amounts of DNA in short time.

In the first step, the target DNA - or in case of single cell transcriptomics, cDNA

- that should be amplified is mixed into a tube together with the four nucleotide

bases adenine, thymine, cytosine and guanine. Furthermore, primers - short DNA

fragments with a sequence complementary to the target DNA - and a DNA poly-

merase are added. In the next step, the double stranded DNA is separated by

heating up the mixture above the melting point of the DNA strands. Afterwards,

the temperature is lowered, allowing the primer sequences to bind to the sepa-

rated DNA fragments, also called the hybridization or annealing phase. Finally,

the temperature is increased again, which enables the DNA polymerase to bind

and extend the primer sequences by adding nucleotides, leading to a newly gen-

erated strand, complementary to each of the previously separated strands and

completing one PCR cycle. Thus, the number of DNA fragments is doubled in

each cycle leading to exponential amplification of the input [35] [36]. Depending

on the research question, analysis of the full length transcript might be required,

e.g. in case of isoform detection.
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As the standard sample preparation PCR protocol leads to a 3’ end bias for each

mRNA sequence, isoform detection might not be possible in case of long se-

quences. For this, modifications of the PCR protocol have been developed such

as the template-switching approach. The idea is to use the Moloney Murine

Leukemia Virus reverse transcriptase due to its property of adding non-templated

nucleotides to the generated cDNA strand when reaching the mRNA’s 5’ end.

These nucleotides, mostly cytosines, are then used to pair another primer com-

plementary to the added non-templated nucleotides. This primer then leads to a

template switch in the reverse transcription process, resulting in transcription of

the other cDNA strand with both strands including PCR primer binding sites at

both 3’ and 5’ end. Thus, full-length cDNA transcripts are enriched during the

PCR process. However, in case the reverse transcription process does not reach

the 5’ end, these partially transcribed sequences will be lost [33].

In general, both methods are applied in current protocols used for single cell RNA

sequencing. However, they differ in amplification rate, product length and specificity.

While IVT only produces a linear amplification rate, PCR outputs an exponential amount

of amplified sequences, thereby leading to a faster processing time of the samples. Also,

PCR can be used with a lower amount of input RNA than IVT and is also able to pro-

duce longer fragments of more than 1 kilobase (kb) in length while IVT-based amplifi-

cation is often limited to less than 1 kb and needs to be modified for longer transcripts.

Furthermore, IVT is more biased towards the 3’ end of genes which might be problem-

atic when isoforms should be detected. An issue that is addressed by using PCR instead

of the template-switching method. However, PCR-based amplification also comes with

disadvantages, as it is more error-prone for accumulation of primer-dimers and other

non-specific products, especially on later cycles. Furthermore, exponential amplifica-

tion might interfere with the expression quantification of the mRNAs and mask the

original differences in gene expression between the original cells. In this regard, usage

of UMIs should help to prevent this issue [33] [37].
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1.4.3 Sequencing

Following the amplification process, single cell RNA-seq data is processed in a similar

way as bulk RNA-seq data. Library preparation is performed according to the sequenc-

ing device and the sequencing process itself is typically carried out on Illumina devices

[38] [39]. However, sequencing depth requirements are different when compared to

bulk analysis. In general, the required number of reads per cell depends on multiple

factors such as the single cell protocol used - leading to e.g. full-length or only 3’ end

sequences, the research question, or the complexity of the sample. For example, cell-

type classification based on a mixed population is possible with as few as 10,000 to

50,000 reads per cell, depending on cell type and cell state [40]. However, if the sam-

ple consists of closely similar cell types, sequencing depth might have to be increased.

For example, it requires a higher number of reads to differentiate between different T-

cell types than to differentiate between e.g. T-cells and neural cells. However, due to

economical aspects, read depth might be limited as well, especially in case of a large

sample. It might also be feasible to increase the number of cells in combination with

reduced sequencing depth to identify cell populations with a low frequency [38].

A higher sequencing depth might be required to tackle the so-called ’dropout’ prob-

lem, as the capture efficiency of poly-A mRNAs varies between protocols and experi-

ments with 10% - 40%. As a result, the mRNAs for some expressed genes might not be

detectable, especially in case of low expression levels. However, increasing sequencing

depth is not able to circumvent this issue as the number of mRNAs inside a single cell

is limited to around 300,000 transcripts per cell [40]. Due to the capture rate, a very

high sequencing depth would just lead to an increase of sequence PCR duplicates [38]

[40]. In general, it seems that all established single cell protocols approach saturation

with a depth of approximately 1,000,000 reads. Also, the majority of genes can already

be detected with a depth of 500,000 reads [38] [40].

While the majority of single cell RNA-seq experiments uses NGS technology for se-

quencing, some studies have also applied third generation sequencing with Oxford

Nanopore devices. Ideally, this could reduce sequencing cost and lab workflow com-
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plexity due to portable sequencing devices while also enabling full transcript coverage

instead of 3’ end coverage only. However, the higher error rate compared to Illumina

sequencing is a major obstacle when working with UMI and barcode sequences [41]

[42].

1.5 Bioinformatic analysis of transcriptomic data

As with bulk RNA sequencing, read data from NGS sequencing is obtained in form of

a FASTQ file. This file format is commonly used for storing and sharing read sequence

data in conjunction with quality values, which denote the probability of a wrongly

identified nucleotide. A sequence entry inside a FASTQ file spans four lines [43] (Fig.

11):

1. The first line is a title line that starts with ’@’ followed by a sequence identifier

along with optional description and information about the sequencing device.

2. The second line contains the sequenced nucleotide bases as letters.

3. The third line starts with a ’+’ and marks the end of the sequence line, optionally

it can include a repeat of the first line (except for the initial ’@’ character).

4. The final line contains the sequence quality information encoded as so-called

Phred score, originally used in the eponymous software for Sanger sequencing

base calling [44] [45]. This score Q is calculated based on the probability of a base

calling error P e as following:

Q = −10x log10(Pe)

Resulting quality values are then stored in form of American Standard Code for

Information Interchange (ASCII) symbols in the range of ASCII 64-126 [43]. As a

result, each quality value is associated with one nucleotide base defining the esti-

mated probability of error for its detection - or base calling - during sequencing.

Thus, this line must contain the same number of symbols as the second line.
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Figure 11: Example of a typical sequence entry in a FASTQ file. The first line contains sequence identity

(ID) and technical information, the second line the called nucleotide bases, the third line the ’+’

separator and the fourth line quality scores for each base.

Even though some steps and the software used for the bioinformatic analysis of sin-

gle cell data are similar to bulk RNA-seq, the majority of the analysis needs to be mod-

ified or custom-tailored. Generally, the analysis can be separated into pre-processing

and downstream analysis. While pre-processing focuses on sequence quality control

and transition of the sequence data into a gene expression matrix, downstream analy-

sis focuses on gaining biological insights

1.5.1 Pre-processing of single cell data

Pre-processing starts by assessing the sequencing quality of the FASTQ file. A popular

tool for quality control of NGS sequencing data is the software FASTQC (Babraham In-

stitute, http://www.bioinformatics.babraham.ac.uk/projects/fastqc/).

This tool processes and visualizes the quality scores for the complete read file result-

ing in various visualizations enabling an easy assessment of the sequencing quality.

In case of low quality bases, reads can either be trimmed to remove just a few bases

or be discarded in total. Also, in some cases the reads contain data from adapter nu-

cleotides used for technical reasons which also need to be removed. However, sequence

additions such as barcodes or UMIs must not be removed. Similar to quality control,

adapter removal can be done with software originally developed for bulk data such as

cutadapt [46] or Trimmomatic [47] [30].

In the next step, the remaining sequenced reads have to be aligned - or mapped - to a

reference genome. This step is necessary to select only reads of interest, e.g. only reads

mapping to the genome of the analyzed organism such as mouse or human.
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Ideally, sequencing data should only include matching sequences, but due to con-

tamination or technical artifacts, a lot of noise might be introduced in the data. Further-

more, in some cases such as a virus-host study where infected cells are analyzed, this

step allows to separate reads between the host and virus genomes [48]. Again, this step

can be carried out with popular batch data tools such as the Burrows-Wheeler Aligner

(bwa) [49] or STAR [50]. In order to use the reference-based approach, a reference

genome is required onto which the sequenced reads are subsequently mapped. Mul-

tiple databases such as RefSeq [51] or the University of California Santa Cruz (UCSC)

Genome Browser [52] provide these references for public download, especially for hu-

mans and model organisms such as Mus musculus or Danio rerio. However, in case

a reference genome is not available or a more unbiased analysis of, e.g. isoforms is

planned, it is also possible to use specific tools such as RNA-Bloom for reference-free

de novo assembly of single cell RNA-seq data [53].

Afterwards, a quantification step is performed where the aligned reads are allocated

to corresponding annotation features based on their alignments’ position. In case of the

typical mRNA or gene expression analysis of single cell data, only reads mapping to

gene-coding regions on the reference genome should be taken into account. In a dif-

ferent scenario, where isoform detection should be performed, it is important to verify

and quantify which reads align to which exonic sequence. Another challenge might be

identification and quantification of reads mapping to multiple target sequences. In case

of PE sequencing, read pairs might also map to the same gene, but at different loca-

tions, which could result in multiple hit counts. Specialized tools are available for this

task, which were originally developed for the processing of bulk RNA-seq experiment

data, such as, e.g. featureCounts [54] or htseq [55]. In addition to the mapping results,

feature counting requires a genome annotation matching the used reference genome.

This annotation contains information on which genomic positions which features are

localized and is usually obtained together with the reference genome file.

Furthermore, in case UMIs have been used, these need to be extracted from the

counted features to perform a deduplication of PCR duplicates of the same original
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Table 1: Example of a gene expression matrix. The rows are corresponding with genes, columns with

barcodes and the matrix cells contain the number of identified UMIs per gene per barcode.

Cell_BC_1 Cell_BC_2 Cell_BC_3

Gene_1 8 2 0

Gene_2 22 9 12

Gene_3 2 0 0

mRNA fragment. As UMIs are usually employed in combination with cellular bar-

codes, it is therefore necessary to identify the presumed cell of origin for each read -

also called demultiplexing - resulting in a gene count matrix. This matrix or table con-

sists of rows corresponding to genes and columns corresponding to barcodes (Table 1).

Presumably, each barcode represents a different cell and the contents of the count ma-

trix contain the number of identified reads or UMIs per gene per barcode. This task is

performed with tools tailored for UMIs and barcodes such as UMI-tools [56] or zUMIs

[57].

1.5.2 Downstream analysis of single cell data

The generation of the gene expression matrix marks the end of the pre-processing phase

and is the starting point for downstream analysis. Similar to the pre-processing, a qual-

ity control step is mandatory in the beginning of the analysis to make the data suitable

for statistical assessment. As most protocols, especially high throughput protocols such

as the popular microfluidics-based systems, do not allow optical assessment of each

cell, quality metrics have to be calculated. For this, multiple metrics can be extracted

from the gene expression matrix and used for quality assessment:

• Number of counts, i.e. UMIs per barcode

• Number of expressed genes per barcode

• Fraction of mitochondrial counts per barcode
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In general, outliers with a low number of fragments or UMIs, a low fraction of ex-

pressed genes, or a high amount of mitochondrial mRNA counts for a barcode might

indicate a dying or damaged cell. If the cell has been dead before processing, the

amount of expressed genes or mRNAs is likely reduced and this cell should therefore

be excluded from subsequent analysis steps. A high proportion of mitochondrial gene

counts often appears in damaged cells, as their cytoplasmic mRNA leaks out of the cell,

but mitochondrial mRNAs are retained due to the mitochondrial membrane [58]. Op-

posed to low counts, outliers with a high count of mRNA fragments indicate so-called

doublets - the capturing of two or multiple cells instead of a single cell. This occurs e.g.

in microdroplet-based systems, when two cells are accidentally encapsulated by one

single droplet. Following, both cells are lysed, their mRNAs are captured as if they

were originating from a single cell and combined with the same barcode. Once demul-

tiplexing is performed based on the barcode sequence, reads from both cells appear as

reads originating from the same cell and thus have to be removed to avoid false conclu-

sions in the downstream analysis steps. In order to achievei this, apart from removing

outliers with high counts, some specific tools try to detect doublets based on other met-

rics, e.g. gene expression patterns [59] [60]. Another typical problem in droplet-based

experiments is the presence of barcodes that do not correlate with actual cells. The rea-

son for this lies in free mRNA fragments - also called ambient RNA - introduced by e.g.

damaged cells, floating around in the channels of the device and getting encapsulated

by droplets containing beads. As with lysed cells, the mRNA fragments are bound to

the beads and get assigned with a cellular barcode and a UMI. Due to the Poisson-

limiting concentration of droplets, only a small amount of 1 - 10% of beads is combined

with a cell and its RNA inside a droplet, while the majority is only exposed to ambient

RNA. A common method to select barcodes related to reads from cells is the knee plot.

For this, all barcodes are sorted in descending order based on the number of reads or

UMIs per barcode. The cumulative fraction of reads is then plotted and the inflection

point of the curve calculated (Fig. 12). All barcodes above the inflection are consid-

ered to represent cells and thus retained, while barcodes below the inflection point are
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discarded as potential ambient RNA [31]. However, these quality metrics always have

to be thoroughly evaluated after performing additional downstream analysis steps, as

they can vary between data sets and analysis steps. For example, a very heterogeneous

cell sample might contain larger and smaller cells, thus leading to higher and lower

read counts of expressed genes or reads without them being caused by doublets. There-

fore, it is advisable to initially start with less stringent thresholds, repeat the analysis

with more stringent parameters and investigate the effects on the analysis [59].

Figure 12: Example of a typical knee plot. In this plot, all barcodes are ranked descending by the number

of their UMIs, with the x-axis showing the number of barcodes and the y-axis the logarithmic

UMIs count. The red line marks the inflection point of the curve, indicating all barcodes to

the left of the red line as real cells while barcodes to the right of the line are considered to be

background noise, which should be filtered.

After the removal of low quality barcodes, the count matrix has to be normalized.

This is required as unwanted biological or technical effects such as sequencing depth or

capture efficiency might lead to different count depths even for identical cells. In order

to be able to compare the gene expression values between cells, their count data has to

be adjusted. While some bulk RNA-seq methods have been applied to single cell data,

it is recommended to apply modified or specifically developed normalization methods

instead. This is due to single cell specific variations such as dropouts of genes due to the
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comparably low RNA amount of cells in combination with the low capture efficiency.

As a result, some genes appear with zero counts in many cells, leading to difficulties for

bulk RNA-seq normalization tools. A commonly applied technique is a modification

of the bulk-based counts per million (CPM) normalization. For this, normalization is

performed by calculating a size factor proportional to the count depth and applying

it to all counts of the expression matrix [59]. However, this method assumes that all

cells initially contained a similar number of mRNA molecules and depth changes are

solely caused by either sampling or technical effects. Therefore, some modifications to

the CPM approach have been introduced, such as excluding genes accounting for 5%

or more of the cell’s total counts [61]. Another adaptation is performed by the software

Scran, which applies a linear regression over genes after pooling the cells to calculate

the size factor to avoid technical dropout effects [62]. Apart from these linear normal-

ization approaches, non-linear normalization methods have been developed, as well.

Those methods are possibly able to account for more complex variation in the data

sets. Especially when working with single cell protocols prone to batch effects or larger

count depth variations, such as plate-based samples, non-linear methods are assumed

to perform better [63] [64]. Typically, these methods are based on parametric model-

ing of count data and they combine external correction of technical or biological effects

with count-depth normalization. One approach is to fit a negative bionomial model

to the expression matrix with addition of technical covariates such as read depth and

counts per gene to fit the model parameters. Afterwards, the model residuals are taken

as normalized quantification of the expression data [65]. Also, the optimal normaliza-

tion method might vary between data sets, for example full length transcript single cell

data might benefit from normalization methods that include gene length in contrast to

3’-end-based protocols. In order to achieve an equal weight for all genes in the sub-

sequent downstream analysis steps, some normalization methods scale gene counts in

addition to the cell counts. One prominent example for this approach is implemented

by the single cell software suite Seurat [66]. In general, normalization usually trans-
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forms the gene expression matrix into log(x+1) which eases statistical data evaluation

by preventing values of zero. This introduces a variety of benefits:

• The canonical way of measuring gene expression changes requires distances be-

tween log-transformed expression values which is achieved during normalization

[59].

• Noise reduction by reducing the mean-variance relationship of single cell data

which is higher compared to bulk [67].

• The distributions of log-transformed gene expression values are closer to a normal

distribution which is expected by the majority of downstream analysis tools [59].

Even though this normalization aims to remove sampling effects, further unwanted

variability possibly skews the downstream analysis. Therefore, it is useful to further

correct the data for other technical or biological covariates, partially similar to non-

linear normalization described above. A correction method that is frequently employed

to address biological variability targets the effects of the cell cycle. Usually, cells of a

sample are in different stages of their cell cycle, thereby leading to possibly unwanted

noise when being compared to each other. The easiest solution for this is the applica-

tion of a linear regression against a cell cycle score used in the Seurat [66] or Scanpy

[68] single cell suites. Other tools rely on more complex mixture models, e.g. scLVM

[69] and f-scLVM [70]. Both of these approaches require known marker genes related

to the cell cycle in the analyzed organism to calculate a cell cycle score. However, apart

from reducing biological noise, a cell cycle correction can also lead to masking impor-

tant biological signals. For example, a proliferating cell population could be detected

based on a specific expression of cell cycle genes. Also, dependencies between different

biological processes might unexpectedly be skewed by this approach. So this correc-

tion should be used with caution and requires enhanced biological knowledge about

the organism of interest. The models used for biological regression can also be used

in combination with technical covariates to account for further technical noise in the

data. Typical covariates used for technical regression are count depth or sample batch.
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However, correcting for multiple effects, e.g. biological and technical covariates, both

should be included in one unified correction step to account for a possible dependence

between covariates [59].

Another great challenge in RNA-seq data sets are batch effects. Whenever cells are

processed in different environments such as different laboratories, harvested at dif-

ferent time points, processed on different days or possibly just sequenced in different

lanes, their transcriptome might be influenced. Especially when comparing different

experimental data sets, batch effects can hide underlying biological effects of interest.

Ideally, batches are completely avoided through a clever experimental design. One ap-

proach is the pooling of all cells across experimental conditions and samples. This is

possible using technologies such as cellular barcodes, or also cell tagging [71]. Never-

theless, if batch effects cannot be avoided, tools like ComBat [72] can be used which

aim at reducing such effects by applying a linear model correcting gene expression

mean and variance data with batch information [59]. However, correcting batch effect

between data sets with different compositions, more complex solutions are required,

as a linear correction such as ComBat is not able to distinct accurately between bio-

logical differences due to a batch effect and biological differences due to different cell

types or states. Hence, integration of different data sets requires more specialized non-

linear solutions. A variety of tools has been developed for this challenge, such as Seurat

canonical correlation analysis (CCA) [66], mutual nearest neighbors (MNN) [73], Har-

mony [74], and several more. These typically perform a dimensionality reduction and

project cells of the merged data set into a reduced space. In a subsequent step, cells

sharing similar expression profiles between batches are then corrected in a way that

similar cells show a common distribution in the reduced space [75]. As before, the ideal

solution often varies between data sets and it should be noted that normal batch ef-

fects should preferably be corrected with linear approaches such as ComBat to prevent

over-correction, and to apply non-linear approaches for integration of different data

sets [59].
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After correction of the gene expression matrix, the data set has to be streamlined in

order to gain biological insights. This is necessary due to the very large dimension of

the data sets. For example, a human single cell RNA-seq data set usually contains tens

of thousands of genes, in extreme cases up to approximately 19,000 genes [76]. Fur-

thermore, when using high-throughput single cell protocols, this number of genes is

multiplied with hundreds or hundreds of thousands of cells. In addition, as mentioned

before, many of the detected genes lead to zero counts in most cells - dropouts. This

results in multiple problems for the subsequent analyses: usually the cells are clus-

tered to expected cell types based on their gene expression patterns. However, in this

large dimensional space, the differences are very small, making it difficult to distin-

guish between cell types. Also, calculation of such large-dimensional data sets poses a

significant computational burden and finally is almost impossible to be visualized in a

way understandable for researchers. Therefore, a common filtering step consists of the

selection of highly variable genes (HVG). Those genes are a subset of the whole data

set, comprising typically between 1,000 and 5,000 genes that can be assumed to contain

the most ’information’ about the data set. Selection is typically performed by binning

genes based on their mean expression. Then, genes with the highest variance-to-mean

ratio are selected as HVG for each bin. Examples for HVG selection are implemented

in the single cell tool suites Seurat and Scanpy [59].

Even though HVG selection leads to a large data set reduction, the filtered matrix still

contains hundreds to thousands of genes times hundreds to hundreds of thousands of

cells. Therefore, further dimensionality reduction is required in order to reduce the data

set to its most essential dimensions. This leads to less noise, highlighting biological dif-

ferences and enables a useful visualization of the results. It has also previously been

shown that single cell data and cellular expression profiles can be accurately described

in a much lower dimensional space than genes present in the matrix [77]. Generally, di-

mensionality reduction can be performed in a linear or a non-linear way. The latter way,

however, is accompanied by a loss of interpretability, therefore making it more suitable

for visualization only [59]. The most common approach for linear summarization of
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single cell data sets is principal component analysis (PCA) [78]. PCA creates principal

components (PCs) - new uncorrelated variables - that maximize variance in the data set.

Following, the top N PCs are selected that exhibit the highest variation in the data set.

Selection of N is usually performed using the heuristic elbow plot approach, plotting

the PCs in decreasing order of their variance ratio on the x-axis and the variance ratio

value on the y-axis. The component marking the flattening of the elbow curve marks

the number of relevant PCs. Alternatively, the permutation-based jackstraw method is

used, which calculates PCA scores for random genes from the permuted random sub-

set. Those scores are then compared with observed PCA scores resulting in a p-value

denoting significance of each gene’s association with each PC [31] [79]. Due to its con-

sistency of distances in the reduced space, PCA results are useful to further investigate

the performance of previous steps, such as quality control (QC) and normalization or

importance of genes in the data set. However, PCA captures data structure in fewer

dimensions not as well as non-linear approaches making those more popular for visu-

alization [59].

A very common method for visualizing single cell RNA-seq data is t-distributed

stochastic neighbor embedding (t-SNE) [80]. For this, t-SNE calculates pairwise sim-

ilarities between data points - cells - which are then transformed into probabilities indi-

cating likelihood of two cells being neighboring cells based on their expression profile.

In the next step, t-SNE constructs another probability distribution for each data point

in a lower dimensional space, usually 2D or 3D. The cells are initially randomly dis-

tributed in the lower dimensional space, and t-SNE’s algorithm then iteratively adjusts

each points position with the aim to minimize the mismatch between high and low di-

mensional distributions. Compared to PCA, this preserves local similarities in a better

way, but at expense of the global structures. This, however, leads to visualizations high-

lighting cluster or subcluster structures such as cell types. On the downside, t-SNE is

computationally demanding, leading to long calculation times for very large data sets.

Also, the choice of its perplexity parameters strongly influences the number of detected

clusters.
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As an alternative, Uniform Approximation and Projection (UMAP) [81] has gained

popularity in recent years. UMAP starts by constructing a neighborhood graph in

which each data point - cell - is connected to its nearest neighbors - here cells with most

similar expression patterns. The distance metric for neighbor determination is usually

an Euclidean distance. An important part is the ’fuzzy simplical complex’, which de-

scribes the likelihood of two points being connected by extending a radius outwards

from each point. If the radii of two points overlap, they are connected and considered

a cluster of, e.g. the same cell type. The mentioned ’fuzzyness’ is obtained by decreas-

ing the likelihood of two points being connected when the radius grows. Following,

the data is mapped into a lower dimensional space and UMAP’s algorithm minimizes

the difference between pairwise distances of connected cells in the high dimensional

space and their distance in the low dimensional space. Compared to t-SNE, UMAP

preserves local, but also global structures while also providing a faster calculation and

better scalability for larger data sets [59] [82]. Dimensionality reduction also concludes

the preparation steps of the expression matrix and is then followed by analysis steps

aiming at gaining biological insights into the samples.

Usually, the first biological-driven analysis step is organization of cells into clusters.

Here, a cluster corresponds to a group of cells with a similar identity, typically their

cell type, based on their gene expression profiles. A common starting ground for the

clustering is to calculate a distance matrix between each cell’s gene expression profile.

This can be achieved by calculating Euclidean distances based on the PCA reduced ex-

pression space. Clustering of cells in a distance matrix can be described as a typical

unsupervised machine learning problem. Cells should be organized in clusters by min-

imizing distances inside a clusters or by identifying dense regions of many cells with

similar expression patterns. A fundamental approach for this is the popular k-means

clustering algorithm [83] which allows to divide all cells into k clusters. Input for this

algorithm might either be a Euclidean distance matrix or a correlation-based distance

matrix. For this, k centroids are spread, then all cells are assigned to their closest cen-

troid. In the next step, the centroids are moved into the center of all its belonging cells,
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and cells are then re-assigned to their closest centroid. This can be repeated multiple

times to improve the optimal cluster assignment for all cells. In order to apply this

algorithm, a parameter k is required, which represents the number of clusters, i.e., cell

types and is typically unknown. This means that identifying an optimal k value re-

quires an elaborate heuristic approach by repeatedly performing the clustering with

varying fixed expected cluster numbers [59]. Another approach are graph-based com-

munity detection algorithms. At first, a graph representation of the data is generated

using a k-nearest neighbor (KNN) [84] approach, which connects each data point to

its k nearest neighbors based upon Euclidean distances between their expression pro-

files. In the resulting graph, cells are connected based on their expression similarity

with densely connected regions of a higher number of similar cells. Using commu-

nity detection methods, these regions are recognized as possible clusters or cell types.

This leads to faster calculation times than clustering, as only neighboring cell pairs be-

longing to the same cluster have to be considered. Furthermore, the current standard

algorithm for detecting clusters in single cell data, the Louvain algorithm [85], is a KNN

graph-based approach. For community detection, Louvain groups cells into clusters if

they have more links between them than expected from the number of links the cells

have in total. Also, the algorithm features an optimization modularity function with

a resolution parameter, which allows users to change the scale of cluster partitioning,

thereby changing the number and size of detected clusters. Both of the commonly used

single cell analysis tools Seurat and Scanpy rely on Louvain-based clustering [59].

The generated clusters with their assigned cells now have to pass an additional val-

idation step. This is required as clustering algorithms are always able to separate data

points into clusters, but possibly without any meaning, especially when being used

with custom parameters. Therefore, the expression signature of proposed clusters can

be used to verify the existence of a correlation with a biological meaning. This approach

is often denoted as cell type identification, as in assigning all clusters to a known cell

type or cell identity. Depending on the resolution and size of the data set, this can de-

scribe different levels of information. For example, the identification of cells as ’T cells’
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might already be a sufficient annotation in one type of study, while other researchers

or experiments that aim to identify subtypes of T cells and require a higher resolu-

tion in order to distinguish between subtypes such as CD4+ and CD8+ T cells. This,

however, is largely depending on the experimental setup, sample composition and bi-

ological effects, as e.g. cell cycle processes can lead to different clustering results. A

common approach to assign meaningful identities to cells is performed by identifying

genes that are expressed specifically within each cluster, so-called marker genes. These

genes are usually up-regulated inside cells of a cluster compared to cells from other

clusters and can be identified by performing a differential expression (DE) analysis.

Based on the expectation that marker genes have a strong differential expression effect,

statistical tests such as the Wilcoxon rank-sum test or the t-test can be used to rank

genes by their differential expression between their cluster and the other clusters. The

top genes obtained via this analysis are then compared to known marker genes from

literature or databases such as the Human Cell Atlas [86] or the Mouse Ageing Cell

Atlas [87]. Alternatively, the approach can be reversed and instead of selecting marker

genes from the data set, gene expression for genes of interest can be analyzed to iden-

tify possible cell identities in different clusters. However, marker genes should always

be critically questioned, as both genes and clusters are determined based on the same

underlying expression data. Hence, marker genes with significant p-values might also

be identified via random clustering. This problem especially arises when cell identi-

ties are with unsupervised clustering algorithms. In addition, the sample composition

influences results as well, as samples with low cellular diversity do not exhibit an ac-

curate background gene expression, thereby leading to a bias in marker gene detection

[59]. Automated approaches for cluster annotation have been developed with tools

such as scmap [88] or Garnett [89]. These methods directly compare gene expression

profiles of known reference cell identities to cells from the sample data set. Matching

annotations are then transferred to the sample data set, enabling a simultaneous clus-

ter assignment and annotation. However, this approach should be used with caution,

as cell type and cell state differ between different experimental conditions and might
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therefore lead to false assignments. Also, this approach is only suitable for a few model

organisms, because it requires a well curated set of cell identities with corresponding

marker genes. In general, clustering and annotation is an iterative approach requiring

exhaustive validation based on biological knowledge. Thus, an automatically anno-

tated data set should always be further validated [59].

As mentioned previously, DE testing is performed to identify differentially expressed

genes in different cells or clusters. Apart from annotation, this is also of interest to iden-

tify differentially regulated genes of identical cell clusters between multiple conditions.

Differential expression analysis itself originates from bulk RNA-seq, where it is applied

to analyze gene variation between samples. In single cell experiments, sample sizes are

typically much higher, while on the other hand, challenges such as technical noise, gene

dropouts and cell-to-call variability are introduced. Therefore, several tools specifically

modified for single cell DE testing have been developed. Nonetheless, several studies

comparing tools used for bulk as well as single cell RNA-seq studies suggest that bulk

RNA-seq tools, when combined with gene weights, might outperform tools specifi-

cally developed for single cell data [90]. Therefore, popular tools such as DESeq2 [91]

and edgeR [92] could be suitable for single cell data sets as well. However, addition

of weights to bulk testing comes with more computational burden, especially when

working with large data sets. A single cell-specific alternative with better performance

is the tool MAST [93], which is able to account for dropouts and to analyze gene ex-

pression changes dependent on condition and technical covariates. Another tool with

faster performance is the limma-voom [94] package, which is a modified version of the

bulk DE analysis package limma [95]. Nevertheless, independent of the selected tool,

it is important to prevent incorporation of confounding covariates into the DE testing

model. For example, sample and condition covariates are usually confounded, as a

single sample is typically obtained under only one condition. Confounding covariates,

however, would make it difficult or impossible to identify the underlying causes of the

differential expression [59].
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This concludes the most common analysis workflow for single cell RNA-seq data.

However, as should be apparent by now, in many cases the analysis has to be, at least

partially, repeated multiple times, since e.g. clustering results are subject to change, nor-

malization needs to optimized, or due to marker gene expression changes. Whenever

analysis steps are re-calculated, all subsequent following steps that rely upon the out-

coming data have to be re-calculated as well, and finally results such as cluster identities

or marker gene expression always have to be validated for their respective biological

meaning.

1.5.3 Optional analysis steps of single cell data

Depending on the experimental setup and underlying research questions, further anal-

ysis steps might be performed with the previously generated and analyzed data set:

• Trajectory inference (TI) is an additional analysis step to describe continuous pro-

cesses [96]. This is useful, as cellular diversity and heterogeneity is a continuous

process rather than a discrete condition such as the defined cluster identities. In

this regard, the RNA-seq data is more like a snapshot of all biological processes.

TI-based methods aim to minimize changes in transcriptional patterns between

neighboring cells and thus create one or multiple paths through the cellular space.

Cells are then ordered along these paths by their expression similarities, capturing

processes such as transitions between cell types, differentiation processes includ-

ing branching or biological reactions to e.g. treatment. This ordering is described

as a so-called pseudotime ordering which describes developmental time of the

cells, beginning with a root cell cluster [59] [97]. First tools implementing TI have

been developed around 2014 with Monocle [96] and Wanderlust [98] with contin-

uous development leading to other popular tools such as Slingshot [99] or PAGA

[100] and up to 70 TI tools already in 2018. Available tools differ a lot in their

computational performance and are differently well suited depending on the tra-

jectory structure. For example, some tools perform better with simple structures

such as linear or just bifurcating paths while other tools are better suited for com-
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plex trajectories such as multifurcating or tree-like paths. In general it is useful to

compare pseudotime results of multiple tools. Furthermore, the trajectory paths

only describe transcriptional similarity, so biological meaning has to be validated

as well [97].

• RNA velocity is another analysis step focusing on dynamic cellular processes. The

concept is based on dynamics in mRNA maturation, as gene expression first leads

to an increase of pre-mRNAs that are unspliced, hence contain intron sequences

and subsequently an increase in mature or spliced mRNAs. By analyzing the

abundance of spliced and unspliced mRNAs in cells, it is possible to infer models

for each gene about its velocity [101]. This allows to predict the cell’s direction and

movement inside the cellular space and how the transcriptomic state of the cell is

expected to change. Positive velocity therefore indicates up-regulation of genes,

described by a higher abundance of unspliced mRNAs followed by spliced tran-

scripts. Negative velocity on the other hand indicates down-regulation of genes.

Both velocities are combined to predict the future state of a cell. Currently, two

main models are used - velocyto [101] and scVelo [102]. While velocyto intro-

duced the concept of RNA velocity, scVelo introduced an alternative model with

a more dynamic approach on expression kinetics compared to a steady-state idea

of velocity assuming a common splicing rate across genes [103].

• Gene set analysis enables to group differentially expressed genes into sets or

groups. This is helpful to interpret the possibly very long lists of genes differ-

entially expressed between clusters. Therefore, DE expressed genes are grouped

based on their role in biological processes. This is done by using databases con-

taining labels for biological processes with associated genes, such as Gene On-

tology [104], KEGG [105], or Reactome [106]. While gene set analysis is often

performed in bulk data as well, a more single cell related method focuses on us-

ing paired gene labels for ligand-receptor analysis. Ideally, interaction between

cell clusters can be analyzed based on expression of receptors and their regard-
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ing ligands. Again, this method relies on using curated labels describing known

ligand-receptor pairs such as CellPhoneDB [107] [59].

1.5.4 Current state of single cell software solutions

The advent of single cell RNA-seq introduces an unprecedented resolution for the un-

derstanding of biological processes and cellular heterogeneity that revolutionized the

field of transcriptomics. This is not only emphasized by awarding single cell sequenc-

ing as Nature Method’s ’Method of the year 2013’ [108]. Also, many high ranking

publications from various fields undermine the tremendous potential single cell se-

quencing brings with it. Numerous studies can be found for a variety of organisms and

fields such as planaria [109], zebrafish [110], and frogs [111], but also in very special-

ized studies in the medical field, for example in characterizations of tumors [112], drug

development [113], or the modeling of diseases in organoids [114]. The popularity of

single cell RNA-seq has been ever increasing since its development, which means that

the amount of generated data increased drastically over the years. In addition to the

number of studies, the throughput of single cell methods has been upscaled a lot since

its first application in 2009 leading to experiments with up to hundreds of thousands

of cells [115]. Another great example for the growing amount of analyzed cells are the

previously mentioned cell atlases for human or mouse (Section 1.5.2). Thus, this not

only demonstrates the great potential and opportunities this technology provides, but

also implies that a steadily growing amount of data has to be stored and analyzed.

The analysis is, in general, performed following the workflow outlined in Section 1.5.1

and 1.5.2. However, this leads to variety of challenges for researchers. First of all, for

each of the pre-processing and downstream analysis steps, a variety of tools is avail-

able, making it difficult to determine an optimal workflow. Furthermore, a significant

challenge in bioinformatic analysis lies in the usability of the tools. The pre-processing

workflow, for instance, consists of mostly command line interface (CLI)-based tools re-

quiring a Linux-based operating system (OS). Even though the tools might be used on

other systems such Windows or MacOS using additional software, users still need to be
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able to navigate on a CLI and be familiar with the installation of multiple dependencies

and software packages via this method. Also, running the tools, selecting specific pa-

rameters and storing in- and outputs of each step might be challenging for researchers

without bioinformatic knowledge. Furthermore, many outputs of these tools are only

text-based, i.e. users have to implement customized scripts to validate the quality and

results of all pre-processing steps. Another issue during pre-processing is the variety

of different barcode and UMI schemes. Since the read structure can differ significantly,

there is a need for tailored demultiplexing and UMI counting for almost every different

platform available. This problem is partially addressed by multiple softwares such as

ddSeeker [116], or STARSolo [117]. However, those are often limited to one protocol or

need modifications which might not support the full requirements for more complex

experimental protocols such as ddSEQ.

Tools employed for downstream analysis steps often provide methods to visualize re-

sults and to assess the quality of their outputs. However, similar to the pre-processing,

users have to select tools and take care of providing the output of one step as a cor-

rect input for a subsequent analysis step. Thanks to the development of software suites

taking care of multiple or most typical downstream analysis steps, this process is less

challenging for the user. The most popular tool suites in this case are Seurat, scater and

Scanpy. However, as Seurat and scater are developed as R packages and Scanpy is de-

veloped as a Python package, their usage is restricted to these programming languages

and text-based interaction in general. Therefore, these tools require a certain level of

technical knowledge and understanding of software and dependency installation on

each OS as well.

Several tools like Single Cell Explorer [118], Granatum [119] or ASAP [120] have cho-

sen an approach of implementating a graphical user interface (GUI) to enable simpli-

fied operation. However, these tools come with several disadvantages. ASAP and

Granatum are both web based services running on external servers, which might be

problematic when working with sensible data. Furthermore, both tools require a gene

expression matrix as input data, thus the initial pre-processing has to be performed by
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the user in advance. Single Cell Explorer, on the other hand, can be run locally and

also provides a pre-processing step. However, pre-processing is limited to 10x-based

data, as it internally relies upon 10x software. Furthermore, it requires a variety of

Linux-based software dependencies that need to be installed, which again introduces a

hurdle for non-bioinformaticians.

Further options providing full workflows are tools developed by companies provid-

ing single cell solutions, such as Illumina BaseSpace, 10x CellRanger [121] or Scipio

Cytonaut. However, these solutions are limited to their respective barcode and UMI

schemes. BaseSpace and Cytonaut are also web based cloud solutions that require pay-

ment, while also being effectively a blackbox as their code is not publicly accessible.

CellRanger, on the contrary, is freely available, with code publicly available on Github,

while also running offline but similar to Single Cell Explorer requires installation on a

Linux-based OS.

1.6 Software platforms for sequence data management

A rising problem in the field of bioinformatic analysis in general, including single cell

RNA-seq, is an efficient management of generated data. Due to the advent of NGS,

declining cost for sequencing and the rise of technologies enabling an even higher scal-

ability, the amount of generated data sets has massively grown in the past years and

will likely continue to do so. While, in theory, more experimental data sets should

also enable scientists to improve studies by reusing and sharing data, this introduces

a variety of hurdles in reality. In the field of transcriptomics, multiple technologies

have been developed and replaced each other, leading to heterogeneous data sets (Fig.

2). While some properties are shared among data sets originating from different tech-

nologies, e.g. FASTQ-based sequencing data files, other required properties do indeed

change, especially meta data entries. Also, depending on the experimental setup, meta

data underlies significant changes, e.g. experiments comparing different treatments or

cell types. Furthermore, modern biomedical and biological analysis is often based on a

more systems biology-based approach, utilizing experimental data generated on mul-
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tiple levels. For example, genomics, transcriptomics, and proteomics data of the same

cell type, tissue or organism are combined to achieve a better understanding of the ’big

picture’. This enables researchers to understand and model a condition, e.g. a dis-

ease in different resolutions, from the single cell up to the whole organism. Also, it

allows to characterize a condition with more parameters which can not be captured by

only using one technique. Another issue is the growing amount of required data stor-

age with an ever growing amount of data. It is expected that biology will likely over-

take current data-heavy disciplines such as astronomy and big data generating services

such as YouTube or Twitter [122] [123]. To ensure permanent storage of these large

amounts, multiple web-based repositories have been created that also allow to share

research data among scientists worldwide. Some of the most commonly used reposito-

ries for biological data are domain-specific, such as Genbank for genomics [124], Gene

Expression Omnibus (GEO) for transcriptomics [125], and Proteomics Identifications

Database (PRIDE) for proteomics data sets [126]. Other purpose-specific platforms fo-

cus on diseases such as cBio for cancer [127] or AutDB for autism spectrum disorders

[128]. Additional databases focus on an organism such as the human cell atlas [86], or

on many different biological analysis targets such as methylation, metabolic pathways,

regulatory elements, or protein-protein interactions [129]. This leads to the problem

that heterogeneous data sets or data types might not meet the criteria of these spe-

cific platforms, thus preventing their deposition. As a result, general-purpose repos-

itories have been developed, such as Zenodo [130], FigShare [131] or EUDat [132].

These platforms accept a wide range of data types with different data formats and ori-

gins. While these repositories typically contain the raw data and/or analysis results,

in many cases they do not include or even accept deposition of the used software or

mathematical models used with the data. Sometimes, those are uploaded to multi-

purpose repositories as well, but these databases lack standardized formats and meta

data schemes. Therefore, databases and search engines specifically focusing on bioin-

formatics tools or systems biology models have been developed. Examples are the plat-

forms bio.tools [133], supported by European Life Science Infrastructure for Biological
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Information (ELIXIR) and BioModels [134], for software and models, respectively. Fur-

thermore, as many bioinformatic analyses comprise multiple tools or computational

steps, some platforms focus on storing full workflows such as nf-core [135]. The re-

sulting variety of decentralized platforms with heterogeneous data sets and meta data

in different formats introduces complexity and obstacles in the discovery and reusabil-

ity of the data, especially when working with data that is not covered by a domain

or purpose-specific database, e.g. a less commonly studied organism or a rare disease.

Hence, the search for a suitable data set in this case requires identification of an appro-

priate platform and corresponding search tools. The search itself then requires a vari-

ety of different parameters, e.g. omics domain, organism, tissue, sequencing technology,

data type, condition or specific genes. Identification of such parameters highly depends

on the accessibility of meta data and information about the data set on the correspond-

ing platform. Even after a matching data set has been identified, further questions arise,

such as how the data is licensed, how the data set can be obtained or downloaded, or

what format it is provided in. Especially when the data and the software, pipeline or

model are not stored in conjunction, users need to verify if the data is compatible to

their software or which steps are required to transform the data into a suitable format.

As a result, manual identification of appropriate data sets is a timely process which

often takes up weeks or even months. Taking into account the previously mentioned

large and growing amount of data, it is clear that this task would significantly benefit

from machine or computer-based approaches that can easily be scaled up, e.g. by using

artificial intelligence (AI) for data mining and analysis [136]. However, while humans

are capable to identify and interpret a wide range of different contextual information,

computer-based approaches require standardized meta data formats and structures in

order to successfully process data [137] [138]. In order to overcome these obstacles and

to reduce existing hurdles in data discovery and reusability, a group of academic and

private stakeholders met in 2014 to design a set of principles for data submission. The

draft principles developed in this meeting are referred to as the Findability, Accessibil-

ity, Interoperability, Reusability (FAIR) guiding principles [137]:
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• Findability

– (Meta) data are assigned a globally unique and persistent identifier

– Data are described with rich meta data

– Meta data cleary and explicitly include the identifier of the data it describes

– (Meta) data are registered or indexed in a searchable resource

• Accessibility

– (Meta) data are retrievable by their identifier using a standardized commu-

nications protocol

– The protocol is open, free, and universally implementable

– The protocol allows for an authentication and authorization procedure, where

necessary

– Meta data are accessible, even when the data are no longer available

• Interoperability

– (Meta) data use a formal, accessible, shared, and broadly applicable lan-

guage for knowledge representation

– (Meta) data use vocabularies that follow FAIR principles

– (Meta) data include qualified references to other (meta) data

• Reuseability

– (Meta) data are richly described with a plurality of accurate and relevant

attributes

– (Meta) data are released with a clear and accessible data usage license

– (Meta) data are associated with detailed provenance

– (Meta) data meet domain-relevant community standards

These principles do not specify a certain technology or implementation, but rather de-

scribe characteristics which should be taken up by e.g. repositories, databases or tools
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to aid human and machine-based discovery and reusability of data sets. Furthermore,

the FAIR characteristics are domain-independent and include not only the data itself,

but also associated meta data or non-data resources such as workflows that were ap-

plied. To ensure a low entry barrier, FAIR principles are minimally defined and sep-

arable from each other. Thus, it is possible to achieve different degrees of FAIR-ness

for a data object, even if the full data might not be available, e.g. in case of sensitive

or personally-identifiable data. Since its formulation, multiple platforms from differ-

ent scientific fields have been working on providing their data according to FAIR such

as the protein-specific data bases UniProt [137] and ProteomicsDB [139] from biolog-

ical research, the US Materials Genome Initiative [136] from material science or the

Cherenkov Telescope Array data base [140] from astronomical science [137]. While the

spread of FAIR principles simplifies and speeds up data identification and thus aids

future research projects, some issues still remain. As mentioned before, data is usually

stored separately from used or compatible software and workflows and even though

FAIR reduces the search complexity, it still represents a time-consuming task to con-

nect data and software. This task remains especially challenging for researchers with-

out bioinformatic knowledge and/or access to a corresponding infrastructure, as many

tools or workflows have a variety of complex software dependencies and often require

some sort of workstation or high performance compute infrastructure to process larger

data sets. Furthermore, most platforms do not cover the full flow of data generation,

analysis, and reporting until its publication. Finally, many of the data repositories only

provide a public submission of the data. Thus, experimental data which has not been

fully analyzed and is not ready for publishing or personally identifiable data, e.g. pa-

tient samples, can not be uploaded to these platforms. However, as research is often

performed in consortia or at least with multiple labs or institutes, it would definitely

be useful to share data in a FAIR way among involved researchers. Otherwise, the data

needs to be copied between multiple computers or sites, leading to a variety of possi-

bly different intermediate results that require to be synchronized between collaborators
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and results in an unnecessary expenditure of time and an inefficient research structure.

Therefore, there is need for a platform which provides:

• private data storage with access control to share experimental data sets with se-

lected collaborators

• combined storage of data sets and suitable software or workflows

• interface to directly run software or workflows with data sets inside the platform

• full life cycle coverage of data sets from generation, analysis until publication

• compliance to the FAIR principles

Currently, a variety of platforms are available fulfilling these requirements, although

installation, deployment and administration of these platforms does require a certain

degree of informatics knowledge. Also, integration of workflows or software varies in

its complexity and sometimes even requires out-of-box solutions. Following are three of

the most common data management and processing platforms in biomedical sciences.

[141]

Galaxy is a web-based open-source platform started 2005 as the Galaxy project [142].

The concept includes a server and a GUI which is accessed via a web browser. Users

are able to upload their own data as well as accessing popular data repositories. Fur-

thermore, Galaxy supports data management, sharing of data and results and provides

a large number of established workflows and supported bioinformatic tools, installed

in the so-called tool shed. It also includes a workflow editor with GUI which allows

users to create their own workflows based on supported tools. These workflows can

be published and shared, enhancing reproducible analysis. In addition to the usage

of workflows, Galaxy provides a variety of visualization frameworks for general or

more specialized data representation. The Galaxy community provides a variety of

publicly available instances, including privacy guarantees for private or patient-based

data. These instances are often supported by national compute infrastructures and

the Galaxy community further provides training courses. Finally, it is also possible
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to download and deploy a Galaxy instance on local premises to provide the highest

level of data privacy [142] [143] [141].

LabKey server is a web-based open-source platform developed originally in 2006 as

Computational Proteomics Analysis System [144]. In 2011, the software has been re-

named to LabKey Server and now functions as a biological data management platform

[145]. LabKey Server is a commercial software but a free community edition is avail-

able. Similar to Galaxy, the software runs centrally as a server and users can access

it via a GUI in a web browser. In addition to data management, it also enables shar-

ing results with collaborators due to fine-grained data access controls. LabKey Server

also includes out-of-box data visualization tools and a variety of features focusing on

clinical research and studies, such as clinical sample management and de-identified

data publishing. Furthermore, it includes an electronic lab notebook (ELN) and labo-

ratory information management system (LIMS) features, providing e.g. digital experi-

ment documentation, sample management and tracking, or direct connection and data

integration to laboratory devices. However, many of these features are not included in

the free community version but instead require a monthly payment per user for one

of the commercial versions. In contrast to Galaxy, LabKey also does not directly focus

on workflows with bioinformatic tools, but instead provides access via an application

programming interface (API) to the stored data. This allows to create custom modules

which can include workflows and tools [145] [141].

open Biology Information System (openBIS) is an open-source software frame-

work, developed since 2011 by the ETH Zurich [146]. The development was founded

as a reaction to the challenges of growing size and diversity of data sets in systems bi-

ology. Similar to Galaxy and LabKey, openBIS runs as a central server structure and

can be accessed as a GUI via web browsers. Additionally, openBIS provides a set of

CLI tools resulting in a variety of different clients. Data can be imported from multi-

ple measurement platforms, e.g. computers or laboratory instruments using dropboxes,

which correspond to directories on a file system that are constantly monitored for new

incoming data. By depositing data into a dropbox, this triggers the Extract Transform
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Load (ETL) process, resulting in the creation of a new data set within openBIS, includ-

ing its annotation with extracted meta data. Similar to LabKey, openBIS also enables

fine-grained data access structures, allowing to assign users to different roles to grant or

revoke access to data sets. This can also be used to achieve public access to (meta) data,

e.g. for publication of experimental results. Furthermore, openBIS also provides simple

of out-of-the-box visualization features for e.g. Hypertext Markup Language (HTML)

files and a variety of download options for stored (meta) data such as Excel tables or

a bulk export via specific clients. In the years after its initial publication, openBIS has

been extended with new features, and since 2016, the software also provides an ELN

and LIMS [147]. While openBIS itself does not offer a great variety of workflows and

adapted tools like Galaxy, it does offer a variety of very open APIs with a focus of easy

integration into existing solutions or custom data processing pipelines [146] [147] [141].

These above examples demonstrate that the increased need for data management

and processing platforms has indeed been recognized and addressed over the past

decade. In comparison, all of the three presented platforms provide a more or less

fine-grained data management system for (meta) data, including the implementation

of the FAIR principles. They also provide user-specific access control and can be run

on local premises, including a GUI accessible via web browser. The Galaxy platform

is more focused on direct integration workflows and tools, and it does not include fea-

tures such as an ELN or LIMS which can be essential for everyday laboratory work,

especially in a clinical environment. Back in 2013, a LIMS implementation for Galaxy

has been published, but it never became an official extension and is no longer avail-

able [148]. LabKey and openBIS provide both an ELN as well as a LIMS, which helps

users in better tracking or the integration of meta data. Also, an automated upload

from laboratory equipment such as microscopes or sequencers reduces the complex-

ity of data integration. In direct comparison, LabKey and openBIS appear similar in

many features, however, many functionalities within LabKey are only available in its

commercial version. Compared to Galaxy, LabKey and openBIS require a higher imple-

mentation effort in order to create workflows or adapt analysis tools so that they can be
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used directly within the platform via its GUI. However, openBIS is providing a more

open API which directly aims in its integration into existing workflows compared to

the custom module structure in LabKey [141].

1.6.1 Current openBIS system and workflow registry

At the University Giessen, the openBIS system is implemented, maintained and ex-

tended by the bioinformatics core facility (BCF). The implementation is built on the

software framework qPortal which uses openBIS as a backend and the Java-based Lif-

eray as frontend interacting with openBIS via API calls (Fig. 13). This includes data

storage for raw data, a PostgreSQL database for meta data management and an appli-

cation server which enables users to browse and manage data and corresponding meta

data. Furthermore, the openBIS data model, which is based on hierarchically ordered

levels can be customized to be applicable for specific experiments. In addition to the

Liferay frontend, qPortal implements multiple web applications developed in Java and

the open-source framework VAADIN, so-called portlets. These can be accessed via Lif-

eray and provide a set of functionalities such as a ’Project Browser’ or ’Project Wizard’.

Data upload into openBIS can be accomplished in multiple ways, with the openBIS

dropbox enabling automated import of even large data sets. This is implemented as an

ETL routine for each dropbox utilizing Jython scripts. Jython represents a Java imple-

mentation of Python, enabling to combine Python scripts and software with the Java

platform and Java classes. These scripts take care of registering raw data and cor-

responding meta data. This process can also be extended using additional external

scripts. Alternatively, new data can also be uploaded via the Liferay frontend using a

web browser. In this case, data is imported based on the ’Project Wizard’ portlet which

allows upload of raw data and meta data. Furthermore, the ’Project Wizard’ guides

users through creation of openBIS entities such as experiments, samples and data sets

by providing further information such as sample type, organism, treatment and many

others. Raw data and meta data is finally connected to data sets and moved to internal

data storage. The openBIS model enables access right management for the top level
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workspaces which can include multiple projects, experiments samples, and data sets.

Meta data corresponding to data sets can be either attached to samples or experiments

and in addition to structured meta data storage, users may also upload own files for

meta data description. Users can be registered using an Lightweight Directory Access

Protocol (LDAP) server enabling login to Liferay, and subsequently, openBIS. Based on

the user’s roles, access to corresponding data and meta data is granted, thus enabling a

fine-grained data shareability between multiple projects.

In order to provide bioinformatic analysis directly from within openBIS, a custom

workflow registry is developed and implemented by Sven Griep. It is written in the

programming language GO and provides an API accessible via Hypertext Transfer

Protocol (HTTP) requests. To enable a broad usage of different bioinformatic work-

flows, the registry supports popular workflow engines like Nextflow and Snakemake.

Furthermore, usage of Conda and Singularity for running software containers, such

as Docker, is supported. While users select data sets and workflows in the Liferay

frontend using the ’Project Browser’ portlet, the workflow registry directly accesses se-

lected data sets from the openBIS storage. The workflow is subsequently executed on

the BCF’s Simple Linux Utility for Resource Management (SLURM) high performance

computing (HPC) cluster enabling scalability for large data sets and a timely analy-

sis (Fig. 13). Finally, results generated during workflow execution are stored inside

openBIS and connected with the used entity such as a data set or experiment. Using

the ’Project Browser’ portlet in the Liferay frontend, users can access the workflow’s

results. Currently, only a limited number of result visualizations is supported, focusing

on images, plain text files and static HTML documents.

Currently, the openBIS instance includes the following user roles:

• BCF members function as admins for the system, including its development and

maintenance. In addition, they are able to directly register and add new data sets

to openBIS by deploying data into an openBIS dropbox (Fig. 13).

• Administrative users function as admins for research groups, laboratories or loca-

tions of a research consortium. They can either send data virtually or physically,

68



1 Background

in case of large data sets to BCF members or use the Liferay frontend to interact

with the openBIS system. Furthermore, they are able to define new access groups

for openBIS entities (Fig. 13).

• Users are other researchers from a consortium that are able to interact with openBIS

via the Liferay frontend to upload (meta) data, download data, or also interact

with projects by e.g. executing workflows. Furthermore, they can modify access

controls for their uploaded data.

• Service-admins develop and maintain the workflow registry and ensure its con-

nection to the SLURM HPC cluster to ensure workflow execution (Fig. 13).
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Figure 13: Structure of the openBIS implementation setup by the BCF for research consortia. Different

components are connected via arrows showing the corresponding interaction. Furthermore,

different user roles are shown to visualize how the system can be accessed. Generally, the

Liferay module serves as a frontend portal accessible via a web browser. This interacts with

the openBIS software itself and also enables users to run analysis workflows. These workflows

are executed via the workflow registry which directly accesses data from the openBIS system,

executes each workflow on the SLURM HPC cluster and writes analysis results back to the

openBIS system, where these are then accessible by the user via the Liferay frontend. Figure

provided by Jannis Hochmuth and Frank Förster.

1.6.2 openBIS encryption extension

Apart from maintaining the openBIS instance, the BCF and members of the Goesmann

group extended the system with an encryption feature. This was performed with the

aim to ensure secure storage of sensitive data, e.g. patient-derived data. In order to

combine this feature with the fine-grained access control for different levels such as

experiments or raw data, encryption should always be applied to each data set. The

encryption method is based on the Crypt4GH specification defining a file container
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providing encryption of genetic sequencing material leaving the underlying data itself

unchanged [149]. For this, a Crypt4GH file consists of a header and data portion, sepa-

rable into data blocks, containing the sequencing information. Both parts are encrypted

based on the same encryption method but, using different keys. Access to the data is

controlled by header packets which are encrypted using a recipient’s public key and

the writer’s private key. For this, each header packet contains the packet length, the

used encryption method, the writer’s public key, a random sequence, called Nonce, in

the corresponding data and a message authentication code (MAC) which can be found

within the data block as well. The MAC is based on a shared key to be used as integrity

check to prevent decryption without a successful validation by the recipient. A success-

ful decryption of a header packet enables the recipient to access the data portion and

to modify the header segment to e.g. provide access to another user. Separability of the

data portion into data blocks further enables random access into the encrypted file. In

addition, Crypt4GH is designed to support streaming reads and writes [149].

Therefore, the integration of Crypt4GH within openBIS enables users to encrypt their

data sets and to add or remove access to/from other researchers by adding or removing

corresponding header packets. Also, this prevents access to data sets by e.g. adminis-

trative users with more permissions as the data can only be decrypted when the user

is added to the header segment. In order to simplify this process for users, a JavaScript

implementation of Crypt4GH, called Crypt4GH-JS [150], was developed to combine

key management with user login within openBIS. Furthermore, the workflow engine

is integrated into the key management to ensure secure processing of raw data. If an

authorized user requests a workflow, the header is decrypted and completely replaced

with a new header consisting of the user’s secret key and a randomly generated pub-

lic key from the workflow registry. Subsequently, the data set is moved to a newly

spawned virtual machine (VM) containing the corresponding private key to the previ-

ously used public key, enabling to decrypt the data set inside the VM. After all pro-

cessing steps have been performed, the data set and results are encrypted again using

the random private key and the public keys from all users that previously had access
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to the data set. Thus, after moving the data back into the openBIS system, previously

authorized users are able to decrypt data set and results.
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2 Motivation and goals of this work

Although single cell RNA-seq is an exciting new technology, providing an uprece-

dented resolution and numerous novel insights, the current bioinformatic software

landscape exhibits specific pitfalls. While the general analysis of single cell RNA-seq

data remains a complex task requiring researchers to install and use a variety of differ-

ent tools, some software solutions at least partially combine multiple analysis steps into

a software suite. However, some of these suites such as Granatum or ASAP run on ex-

ternal servers, making them unsuitable to upload sensitive data such as sequence data

derived from patient samples. Others like Seurat or scanpy do require a certain bioin-

formatic knowledge adding an entry barrier for non-bioinformatician researchers. This

also accounts for many tools only available for Linux-based OS. In addition, many tools

only cover the pre- or post-processing of single cell RNA-seq data or might be limited to

data generated from devices by a specific manufacturer. However, research consortia

or collaborations usually consist of a heterogeneous composition of researchers from

different disciplines. An example for this is the consortium of the Clinical Research

Unit 309, referred to in this dissertation under its German name Klinische Forschungs-

gruppe 309 (KFO309). This group focuses on analysis of infectious respiratory diseases,

resulting lung injury and its pathobiology in order to develop novel therapeutic strate-

gies. The research team consists of a heterogeneous group of biologists, physicians,

technical personnel and bioinformaticians. Still, the hurdles of complex software solu-

tions limit data analysis to be only performed by a bioinformatics group. This however

unnecessarily slows down and leads to an increased complexity of possible data analy-

sis. Furthermore, as the research team spans over multiple institutes, data is generated

in multiple locations and with devices from multiple manufacturers requiring different

compatible software solutions.
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Therefore the first aim of this work was:

• Development of a single cell RNA-seq analysis platform with easy usability, cov-

ering pre- and post-processing steps without restriction to a single manufacturer

protocol.

As mentioned in section 1.6, there is a need for data management and workflow plat-

forms, especially for an efficient scientific progress in smaller or specialized research

consortia. The KFO309 is a perfect example for this challenge, as their members are

located in three sites - Justus Liebig University Giessen, Philipps University Marburg

and Max Planck Institute Bad Nauheim, are working with a variety of different omics

technologies and generating sensitive data. In order to provide a software solution that

allows storage and sharing of data between the KFO309’s various members, the BCF

deployed an openBIS instance. Furthermore, this openBIS instance has been extended

by Sven Griep with a so-called workflow repository, enabling users to run bioinformatic

workflows directly from the web-based GUI. However, this requires the development

or adaption of bioinformatic tools and workflows to be usable with the repository.

Therefore the second aim of this thesis was:

• Integration of the software platform mentioned as first aim into the openBIS work-

flow repository, enabling KFO309 scientists to perform single cell RNA-seq anal-

ysis of data stored within the openBIS system.

In general, both aims focus on lowering the entry barrier for all KFO309 scientists to

perform a single cell RNA-seq analysis, including an efficient visualization and share-

ability of the results.
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3 Implementation

3.1 WASP: A versatile web-accessible single cell RNA-seq processing

platform

The first thesis aim of this work was the development of a software platform for single

cell RNA-seq analysis for KFO309 researchers. A need for such a platform is originat-

ing from analysis requests made by KFO309 researchers. Even though the consortium

is separated into multiple smaller subprojects, many experiments are based on tran-

scriptome analyses. These are often performed via cell culture or cells harvested from

Mus musculus, and provide a detailed insight into e.g. gene expression changes during

viral infection or recovery. Furthermore, exploiting single cell resolution, it is possible

to shed further light onto how each cell type is affected during infection or recovery

processes in order to identify possible treatment targets. In addition to state compar-

ison, cell type detection, and also characterization based on single cell RNA-seq is an

essential process to validate experimental setups and models. In order to provide an

appropriate analysis, a first workflow for single cell RNA-seq data was established.

This comprised a variety of different manual tool executions and scripts in different

programming languages. Finally, a number of single cell-specific software packages

were integrated to generate result visualizations. While this process supported the typ-

ical analysis of transcriptomic single cell data sets, it lacked automated processing steps

and also required more advanced bioinformatic knowledge. Thus, researchers with a

focus on other fields were unable to perform data analysis on their own. This resulted

in a high amount of communication to be required between KFO309 researchers and the

bioinformatic counterpart. Especially analysis steps that had to be re-calculated mul-

tiple times, such as clustering (see section 1.5.2), or detection and highlighting of up-

regulated genes, led to an unnecessary complex and inefficient analysis process. This

resulted in the concept of a software platform for single cell transcriptome data analysis,

which automates and standardizes as many processing steps as possible while further

providing a GUI enabling easy usability for researchers regardless of their bioinfor-

75



3 Implementation

matic expertise. In general, the concept was aimed at providing all necessary analysis

steps that are part of pre-processing and downstream analysis, described in detail in

sections 1.5.1 and 1.5.2. However, the concept is accompanied by a number of chal-

lenges:

• Pre-processing at least partially requires Linux-based software

• Analysis of eukaryotic sequencing data, e.g. from Mus musculus requires a high

amount of computer system memory

• Processing of droplet-based single cell data substantially benefits from parallel

processing as hundreds of thousands of barcodes need to be validated

• Due to the varying structure of barcode and UMI sequences, reads originating

from devices of different manufacturers each require a tailored algorithm

• Many tools used in pre-processing steps do not exhibit visual output, making it

difficult to assess whether an experiment has been successful

• Selection of barcodes belonging to droplets containing RNA from cells instead of

ambient RNA

• Downstream analysis packages are used by writing programming code which

also includes specific parameters

In accordance with the goal of simplifying the user experience and offering software

with a low entry barrier, the workflow was split into multiple modules which together

make up the ’Web-Accessible Single Cell RNA-seq Processing Platform’ - WASP [151].

The different modules are described in more detail in the next subchapters.

3.1.1 WASP: Pre-processing of single cell data

Single cell RNA-seq data analysis, especially the pre-processing of droplet-based pro-

tocols, involves a large amount of input data. Usually, hundreds of millions of reads in-

cluding hundreds of thousands of barcodes result in a file in the double-digit gigabyte
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range, even for comparably small data sets. The pre-processing of this data requires

the files to be passed to multiple different tools. Furthermore, some intermediate re-

sults have to be passed on from one tool to another. Therefore, manual processing of

this data represents a time-consuming task which negatively impacts reproducibility.

These challenges are not limited to single cell or even transcriptomic data, but rather

apply almost ubiquitously to any kind of modern day biological data. Especially since

the advent of NGS sequencing and the continuing cost reduction, omics experiments

have a growing volume of input data and usually require multiple tools to be applied.

Furthermore, the increased amount of data requires using a workstation or even HPC

cluster to enable successful data analysis. In order to provide a more sophisticated

method to ensure a timely, reproducible and scalable data analysis, workflow engines

have been developed. Their main task is to provide an abstract layer that takes care of

data processing and movement, managing task dependencies and resource allocation.

Additionally, some tools also provide runtime reports, error management, user authen-

tication and data security mechanisms. Also, workflow engines often support APIs to

interact with processed data and to integrate different methods of software deployment

[152], [153]. The Galaxy platform, mentioned in chapter (1.6) is an example for a work-

flow engine providing a GUI for workflow creation [142]. Other popular platforms

with a focus on bioinformatic data processing are Nextflow [154] or Snakemake [155].

Both of these systems are built upon a domain-specific language (DSL) which is used to

define a workflow. For this, the user describes all analysis steps in DSL-based code in

the form of a text file which is then interpreted by the workflow engine. An advantage

of this is the portability of these workflows as they only require the workflow engine

to be installed instead of a whole server, as it is necessary e.g. in case of Galaxy. Both

platforms further support an integration into existing HPC environments such as Sun

Grid Engine (SGE) [156] or SLURM [157] and are able to orchestrate task submission to

such a system [154], [155].

In order to realize an efficient and reproducible pipeline for the pre-processing phase

in WASP, Snakemake was chosen as workflow engine. A main reason for this choice
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was the great similarity between Snakemake’s DSL and the Python programming lan-

guage’s syntax, as some analysis steps of WASP have already been developed in Python

[155]. Thereby, it reduces the expense of adding another programming language as well

as providing the possibility to directly embed Python code within a Snakemake. The

workflow itself is defined in a so-called ’Snakefile’, which contains rules defining the in-

dividual steps that have to be performed. Every rule specifies a name, input and output

files including wildcard support and a run statement, e.g. a shell command or a Python

code fragment. The executed commands then generate some type of output from the

specified input files. An example for this might be a mapping step, which contains re-

quired input files such as reference genome and sample file, define which output files

have to be created when the rule was executed correctly and a run command which exe-

cutes the alignment tool. As a Snakefile usually consists of multiple rules, the workflow

is implied by adding output files of one rule as input files for another rule. Whenever

Snakemake is executed, it constructs a directed acyclic graph (DAG) representing the

planned execution of the rules specified within the Snakefile. Each executed rule, also

called job, represents a node and directed edges connecting nodes represent output files

from one job needed for the other connected job. Thus, a path in the DAG stands for

serially executed sequence of jobs (Fig. 14). This also means that disjoint paths inside

the DAG can be executed independently which also allows a parallel execution of these

jobs. For example, a Snakefile running with multiple samples can execute the work-

flow for each sample in parallel to achieve a faster analysis. Snakemake is then able to

orchestrate as many job executions in parallel as possible according to a threshold of

available central processing unit (CPU) cores and system memory. Thresholds can but

do not have to be specified by a user, and Snakemake optimizes the execution to a max-

imum of efficiency. Also, it is possible to define specific requirements such as threads

or memory for each rule to prevent an execution without the necessary free resources.

Therefore, a Snakemake workflow exhibits a high degree of scalability from single-core

systems up to HPC environments [155]. The pre-processing Snakemake workflow of
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single cell RNA-seq data in WASP contains a number of rules explained in more detail

below.

all

fcJson

mappingJson

umiJson fastqcdemulti_json

references

indexingMapping

featureCounts

sortingBam

mapping

demultiplexing

indexingBam

Figure 14: Scheme of the DAG used for the Snakemake workflow of WASP including all executed anal-

ysis steps (rules). Rules are shown as colored ovals, arrows show the direction of data flow be-

tween the rules and represent the dependencies between rules. The rule ’all’ defines all outputs

in the Snakefile that need to be generated during a successful pre-processing workflow execu-

tion.
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Directory structure: In order to run properly, the workflow requires a specific struc-

ture of directories which include the necessary input files. The folder structure is de-

signed as shown in Fig. 15.

project_directory
Snakefile
wasp.sh
Reference/

reference.fa
reference.gtf

Samples/
Sample_1_R1.fastq
Sample_1_R2.fastq
Sample_2_R1.fastq
Sample_2_R2.fastq

Scripts/
demultiMetrics.py
demulti_umi.py
fcMetrics.py
gene_counting_json.py
mappingMetrics.py
mapping_json.py
read_transform10x.py
splitBarcodes.py
umiMetrics.py
whitelist_10X_3M-february-2018.txt
whitelist_10X_737K-august-2016.txt

Figure 15: Tree visualization of a WASP project directory and associated files. This structure is required

by the WASP pre-processing Snakemake workflow. Apart from manual creation, users can

directly obtain this structure by cloning WASP from the Github repository. Sample files and

reference genome and related annotation have to be added by the user.

The project_directory is the directory in which all project and workflow data is

stored. This includes the Snakefile containing the workflow with its rules and a shell

script - wasp.sh - which is used to start WASP. As transcriptome analysis usually in-

volves a mapping and a quantification step, genome reference and annotation files are

required. The reference file contains the nucleotide genomic sequence of the analyzed

organism and is expected to be in FASTA format. Furthermore, a matching annotation

80



3 Implementation

file in the General Transfer Format (GTF) format is necessary, which contains informa-

tion about the gene structure of the according reference genome, e.g. which parts of the

genome are introns or exons. Both formats are standard formats used in bioinformatics

and can be obtained in various databases and are deposited inside a directory named

Reference. The Samples directory is used to store all sample files in FASTQ format

containing the sequenced transcriptomic data. Finally, the Scripts directory contains a

variety of Python scripts used during different analysis steps. Also, barcode whitelists

for 10x-based data are stored inside this directory. Although this structure could be cre-

ated by the user, the easiest way would be to download WASP from its public Github

repository. This directly generates the above described structure and only requires the

user to add genome reference, annotation, and the sample sequencing files. Finally,

WASP can be started using the designated shell script with the following steps:

Quality control: As mentioned in section 1.5.1, the initial step in the workflow is

performing a quality control of the sample data. This is realized in WASP using the

FASTQC tool which generates a variety of metrics based on the FASTQ sample files,

such as sequencing quality per base, GC base content or overrepresented sequences.

After the analysis, FASTQC summarizes all metrics in the form of an HTML report.

Mapping: Independently of the quality control, the mapping of sample reads onto

the reference genome is initiated. The mapping is realized using the software STAR

[50]. However, before the mapping itself begins, STAR needs to generate reference

genome indices. These are necessary for STAR to speed up the mapping process and

need to be generated for each genome individually. After indexing, the mapping is

conducted for each sample’s FASTQ file which outputs a Binary Alignment Map (BAM)

file, a binary representation of the Sequence Alignment Map (SAM) file format [158].

This file consists of a header section containing information about the entire sample

such as sample name, sample length and alignment method and an alignment section

containing information about successfully mapped reads such as read name, sequence

and quality as well as custom tags [158]. Furthermore, STAR also outputs text files
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with information about mapping statistics, such as number of mapped and unmapped

sequences along with reasons why reads could not be mapped.

Feature counting: While the generated BAM only contains the successfully mapped

reads along with some information, it is not filtered for reads overlapping with features

nor does it include a quantification step. For this, WASP uses the tool featureCounts

[54] to filter BAM results and only retain and count reads mapping to exons within the

reference genome. This step therefore requires the user-provided genome annotation as

well as the BAM file obtained during the mapping step. A filtered BAM file is generated

along with a text file containing statistics on how many reads have been successfully

assigned to features or why reads have not been assigned, similar to the STAR statistics

output.

Split and barcode correction: The next step is an intermediate step between feature

counting and the final UMI quantification and the demultiplexing based on barcodes.

This is necessary, as these following steps require either barcode or UMI in a specific

format that is not provided in the currently generated files. Also, due to the requirement

to support protocols of multiple manufacturers resulting in different UMI and barcode

schemes, this step standardizes all files to be compatible with the tools used in further

analysis steps. For some manufacturers or protocols, it is mandatory to sanitize results

from invalid barcodes. As each protocol or manufacturer uses an individual scheme of

barcode and UMI sequences, the user needs to provide the used protocol at the start

of WASP. Based on this parameter, reads of the sample are treated accordingly. During

the development of WASP, a variety of protocols have been added to cover the most

common protocols in general and also those used within the KFO309. However, the

variety of different protocols still introduces a complexity to this task:

• The first added scheme aims on processing data generated with the SureCell pro-

tocol used on the ddSEQ device from the companies BioRad and Illumina. Reads

generated with this protocol contain three barcode sequences (BC1, BC2, BC3)

with a length of six nucleotides each. Furthermore, BC1 and BC2 and BC2 and

BC3 are separated by two linker sequences, each with a defined nucleotide se-
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quence with a length of fifteen nucleotides. BC3 is then followed by the triplet

sequence ACG and the UMI sequence with a length of eight random nucleotides

which is followed by a second triplet sequence GAC. Furthermore, the whole

sequence can be flanked by a random sequence in the beginning and a poly-T

sequence at the end (Fig. 16). The processing of these reads also requires some

of these sequences to be checked for erroneous bases with a maximum Hamming

distance of one, to account for possible sequencing errors. Also, BC1, BC2 and

BC3 need to be compared with a manufacturer-provided whitelist containing 96

valid barcode sequence variations. If these criteria are not met, the corresponding

read must be discarded.

Figure 16: Barcode and UMI scheme of SureCell ddSEQ-based single cell reads from BioRad and Illu-

mina. All three barcode (BC1, BC2, BC3) sequences with a length of six nucleotides each have

to be extracted as well as the UMI sequence with a length of eight nucleotides for further pro-

cessing. Barcodes need to be checked against a manufacturer-provided whitelist. Also, linker

sequences and the triplets flanking the UMI sequence are specified and need to be validated.

• The second added protocol aims on processing data generated with the Chromium

device from the company 10x. Here, the read structure is less complex and con-

tains a barcode sequence of 16 nucleotides followed by an UMI sequence with

a length of either 10 or 12 nucleotides for the v2 (Fig. 17 A) and v3 (Fig. 17

B) protocols, respectively. Barcode sequences also need to be compared with

manufacturer-provided whitelists which differ between the v2 and v3 protocols.

Reads without matching barcodes must be discarded similar to the SureCell ap-

proach.
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Figure 17: Barcode and UMI scheme of Chromium-based single cell reads from 10x. The read design is

less complicated compared to SureCell (Fig. 16) with only one barcode sequence with a length

of 16 nucleotides directly followed by a UMI sequence. Depending on the used chemistry, v2

A) or v3 B), the UMI’s length is 10 or 12 nucleotides, respectively. Barcode and UMI have to be

extracted and barcodes need to be validated against a manufacturer-provided whitelist.

• The third added protocol aims on processing data generated with the Nadia de-

vice from Dolomite. Barcode and UMI sequence are used similar to the original

Drop-Seq protocol from 2015 [31]. Thus, reads contain a barcode sequence with

a length of 12 nucleotides followed by an UMI of 8 nucleotides (Fig. 18). Com-

pared to the previous two protocols, the manufacturer does not provide an official

whitelist for barcode sequences.

Figure 18: Barcode and UMI scheme of the original Drop-seq protocol from 2015 for single cell reads,

also adapted by Dolomite. The read design is less complicated compared to SureCell (Fig.

16) with only one barcode sequence with a length of 12 nucleotides directly followed by a

UMI sequence with a length of 8 nucleotides. Barcode and UMI have to be extracted, but a

manufacturer-provided whitelist is not available.
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• The fourth added protocol aims on processing data generated with the Asteria

device from Scipio. This protocol provides a read schema including a barcode

sequence with a length of 12 nucleotides followed by an UMI sequence with a

length of 13 nucleotides (Fig. 19). Similar to the original Drop-Seq protocol, no

whitelist is provided by the manufacturer.

Figure 19: Barcode and UMI scheme of the Asteria protocol for single cell reads from Scipio. The read

design is less complicated compared to SureCell (Figure 16) with only one barcode sequence

with a length of 12 nucleotides directly followed by a UMI sequence with a length of 13 nu-

cleotides. Barcode and UMI have to be extracted, but a manufacturer-provided whitelist is not

offered.

At first, the resulting BAM file obtained from feature counting in the previous rule is

split into chunks of 1,000,000 reads each. This is achieved using samtools [54] and the

GNU coreutils split tool. File separation is used because the following barcode cleanup

step requires a series of compute-intensive String matching operations, Hamming dis-

tance calculations and multiple file writing processes that can be performed more effi-

ciently in parallel to reduce the analysis time for each sample. Each of these chunk files

is combined with the original file’s header and is ordered and indexed with samtools

for faster processing. After this, the barcode sanitation using a custom WASP Python

script is initiated. Based on the provided protocol, all reads are processed according to

the manufacturers specifications. For this, barcode and UMI are extracted from each

read’s header, if applicable sequences are checked against provided whitelists, error-

corrected and valid reads subsequently written to a new BAM file. Barcode and UMI
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sequences are added as custom tags to each entry, allowing direct access in subsequent

analysis steps.

UMI quantification: The filtered output BAM files are then collected and merged

into one file per sample. Using samtools, the newly created file is indexed again. Sub-

sequently, the UMI quantification is initiated, but while featureCounts is able to count

all reads matching to one gene or exon, it does not account for UMI sequences used.

However, as mentioned in section 1.4.1, UMIs are used to deal with the PCR amplifi-

cation bias and thus UMIs should be counted instead of reads. For this step, WASP

utilizes the software UMI-tools [56] which generates a tab-separated values (TSV) file

containing three columns with gene name, a cellular barcode and the number of UMIs

counted for the gene in the corresponding cell.

Demultiplexing: As the generated TSV file contains counts for all cells aggregated,

but later analysis steps focus on single cells, the data needs to be demultiplexed. Thus,

the aim of this step is to separate the file into one file for each cell containing the counted

UMIs per gene for this cell, or in other words, a gene expression matrix. This is per-

formed using a custom Python script within WASP that reads the TSV file generated by

UMI-tools, caching all barcodes with gene counts and finally writing a new file for each

barcode. In order to prevent writing a high number of barcodes (usually more than

hundreds of thousands of single files) in one directory directly, WASP creates folder

structures with sub folders named after the first two nucleotide possibilities. Inside

these folders, this is repeated so that barcode files are separated based on their first

and second nucleotide sequence and again separated based on their third and fourth

nucleotide sequence. Finally, after all gene expression matrix files have been created,

these are zip-archived and compressed using the open-source software Info-ZIP.

Quality statistics: Finally, a variety of quality metrics is generated which spans over

the different steps that have been performed. For this, WASP runs a number of tai-

lored Python scripts which take in the text files from mapping, feature counting, UMI

quantification and sanitized BAM files.
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In order to provide a standardized format for later visualization, WASP aggregates

the important information from these files and stores them inside JavaScript Object

Notation (JSON) formatted output files.

So after a WASP pre-processing run has been performed, the user is presented with

a results directory containing the following data:

• Gene expression matrix ZIP archive containing a file for each detected barcode

• Quality metrics JSON files

• Read quality metric results as HTML file from FASTQC

To sum up, the Snakemake workflow takes care of the previous mentioned challenges

from section 3.1:

• Pre-processing at least partially requires Linux-based software

• Analysis of eukaryotic sequencing data, such as Mus musculus, requires a high

amount of memory

• Processing of droplet-based single cell data benefits substantially from parallel

processing as hundreds of thousands of barcodes need to be validated

• Due to a varying structure of barcode and UMI sequences, reads originating from

devices of different manufacturers each require a tailored algorithm

The workflow is conducted in Linux, supporting all current required bioinformat-

ics software for a single cell RNA-seq pre-processing analysis. An overview of the

major steps performed, including the used software can be obtained from Fig. 20. Fur-

thermore, Snakemake provides features to scale WASP to any given system enabling a

timely and efficient analysis of large data sets. Although, a minimum amount of mem-

ory is required when working with eukaryotic data sets. Also, compute-intensive steps

have been adapted to be performed in multiple simultaneous processes by splitting
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large files into smaller chunks. Finally, WASP supports the most common droplet-

based protocols currently in use. For this, a number of tailored algorithms have been

implemented processing data from different manufacturers or devices.

Figure 20: Major analysis steps performed within the WASP pre-processing workflow. Each step is vi-

sualized as an orange rectangle with the software used in a blue rectangle. While some steps

utilize existing bioinformatics software, steps with WASP as used tool refer to tailored Python

scripts developed specifically for the corresponding task.

3.1.2 WASP: Pre-processing visualization

While the pre-processing does simplify the analysis and ensures a standardized pro-

cessing, the results are almost impossible to understand for users without advanced
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bioinformatic knowledge. As mentioned in section 3.1.1, the workflow emits gene ex-

pression matrices and results mostly stored as JSON files. Therefore, a visualization

of the data is crucial for researchers using WASP to verify a successful pre-processing.

Also, this helps to identify possible pitfalls or low quality of input data, e.g. due to er-

rors during the laboratory sample processing. Furthermore, the following downstream

analysis steps require a gene expression matrix containing all barcodes belonging to

cells of interest. As mentioned in section 1.5.2, droplet-based single cell RNA-seq is bur-

dened with a high ratio of false-positive cells due to ambient mRNA fragments inside

the devices. Thus, without filtering, a massively bloated gene expression matrix would

be created, containing tens of thousands of gene entries (lines) for more than hundreds

of thousands of barcodes (columns). Even though quality filtering during downstream

processing likely removes a lot of these false-positive barcodes, this would still lead

to an increase in computation time. Also, some false-positive barcodes might still re-

main in the processed data leading to erroneous results. In order to solve both of these

issues, this intermediate step is performed which connects pre-processing and down-

stream analysis. One option could be to extend the Snakemake workflow to provide

visualizations to the JSON files in form of image or HTML files and also an automated

detection and filtering of false-positive barcodes. However, this would prevent users

from changing the selected number of barcodes which is necessary if the automated

detection fails. For example, if the researchers know a maximum limit for the captured

cells based on manufacturer or protocol-specific information, they were unable to set

this limit accordingly. Also, depending on other quality metrics such as mapping or fea-

ture identification rate, it can also be necessary to remove some barcodes before further

processing is performed. This information, however, is not available before running the

pre-processing, which would require at least a partial re-computing of the workflow

introducing unnecessary complexity. A better option consists of a solution providing

dynamical visualizations and data filtering, directly showing how the quality metrics

change based on the user’s input. In combination with a GUI, this also reduces the

entry-barrier for non-bioinformaticians as Snakemake is a CLI-based software.
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In order to fulfill these requirements, the software package Shiny based on the pro-

gramming language R was chosen (https://www.R-project.org/). R Shiny is

an open-source package which provides a web framework to build web applications

(https://shiny.posit.co/). The code is mostly written in R, so it is possible to

execute R-based code and functions on the backend, while at the same time providing

a dynamic frontend. For this Shiny translates the R code into HTML, Cascading Style

Sheets (CSS) and JavaScript providing a state-of-the art web platform. Shiny also en-

ables to connect input values that can be given or modified by the user with R code in

the backend. Thus, it is possible to provide dynamic content which constantly adapts

based upon the user’s interactions. Another advantage is Shiny’s independence from a

specific OS.

The implementation within WASP was therefore performed based on the R Shiny

package with the addition of various other R packages. Using the shinydashboard

package, a modular web page is created as frontend, showing menu options on a col-

umn of the page (http://rstudio.github.io/shinydashboard/). This menu

can be dynamically extended based on performed calculations, thus allowing users to

select between the results of different analysis steps. The remainder of the applications’

page is used to either provide descriptions and buttons to guide the user to upload data

or modify parameters, as well as visualizing analysis results.

After starting the Shiny application, the user is presented with a welcome page in a

web browser giving an introduction on how to use the software. This page also contains

a button which then executes an upload dialog. The access to files on the users host sys-

tem is implemented in WASP using JavaScript and the R package shinyjs. Initially, the

output from the pre-processing workflow needs to be imported and data is validated

for both, completeness and consistency. This prevents uploading of incomplete results

or incompatible files. After successful validation, WASP provides an overview of all

samples and enables the user to select between different analysis steps:
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Sample Summaries: This page provides a read-based overview about all analyzed

samples based on the previously generated JSON files. Therefore, all sample names

are presented as a table with their number of reads, barcodes and the fraction of reads

that have been classified as valid if a barcode whitelist was provided. Furthermore,

mapping statistics and featureCount statistics are presented in the same concept. Here,

users are presented with the number of reads that have been mapped, and also reads

that have been successfully assigned to features for each sample. Furthermore, un-

mapped and unassigned reads are categorized by reasons responsible for filtering out

these reads, e.g. if a read was mapped to multiple loci or features or could not be

mapped to the reference genome at all. All statistics are also visualized with corre-

sponding bar plots providing an easy assessment of the overall data set quality (Fig.

21).
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Figure 21: Summary page of WASP’s pre-processing visualization Shiny application. This page pro-

vides a variety of quality metrics for all processed samples. The first table shows read-based

information for each sample with rows corresponding to the samples and columns correspond-

ing to the different metrics. In addition, the first bar plot shows the amount of reads with and

without valid barcode. The second table provides an overview about the mapping statistics for

each sample, such as the number and amount of successfully mapped reads. As above, a bar

plot is used to provide visual information about the fraction of mapped and unmapped reads

broken down according to category. The third table provides information about how many of

the mapped reads per sample have been assigned to genomic features. This is again visualized

below with a bar plot showing the amount of reads assigned or unassigned broken down by

category. Furthermore, users are able to sort tables by the different columns, download bar

plots and navigate to different analysis metrics using the menu on the top left side.
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FASTQC Report: This page provides summarized reports about quality control of

the reads or sequencing in general. Compared to the summary page, the results are

presented separately for each sample, allowing the user to switch between samples

by selecting the corresponding tab. As the analysis was performed using FASTQC,

WASP integrates the generated output images from FASTQC and adds some additional

information as a table on the top of the page.

Mapping Rates: This page provides a more detailed overview about the mapping

quality performed with STAR. Compared to the Sample Summaries page, the mapping

rate is shown as a stacked bar plot for each barcode individually, beginning with the

barcodes with the highest number of reads in decreasing order. Users can select differ-

ent categories such as mapped and unmapped reads, which are dynamically added or

removed from the bar plot. Furthermore, it is possible to directly draw a box inside the

bar plot to investigate the included barcodes in more detail. Also, a slider enables the

user to select the maximum number of barcodes which should be displayed, including

an option to directly select the predicted number of barcodes belonging to real cells.

An additional barplot visualization displays the frequency of mapped reads. On the

bottom of the page, an interactive table is included, presenting each barcode with its

corresponding number of mapped and unmapped reads, allowing users to search for a

specific barcode or change the order of each column (Fig. 22).
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Figure 22: Mapping results page of WASP’s pre-processing visualization Shiny application. This page

provides a variety of quality metrics separated by tabs for each sample. A stacked bar plot is

used to visualize the fraction of successfully mapped reads and unmapped reads separated by

category. Users can select and deselect categories using check boxes resulting in a dynamical

re-calculation of the plot. Below, users can select a cutoff value of barcodes to be used, ide-

ally correlating with the number of real cells. If this value is changed, plots are re-calculated

according to the newly selected number of barcodes. The second plot on the page provides

information about the frequency of mapped reads per cell. Finally, a table sums up results for

each barcode with the corresponding number of mapped and unmapped reads including the

option to sort and search the table, e.g. for a specific cell. Users are also able to download bar

plots and navigate to different analysis metrics using the menu on the top left side.
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Gene Counts: This page provides a more detailed overview about the feature assign-

ment performed with featureCounts. Its structure is similar to the Mapping Rates page.

Users are provided with a dynamical stacked bar plot showing the assigned and unas-

signed features per barcode starting with the highest number of reads. The plot can

be modified by selecting the different categories of assigned and unassigned features,

including the option to investigate a subset of barcodes by drawing a rectangle around

the samples of interest within the plot. The barcode cutoff value can manually adapted

by the user with a slider element. Similar to the mapping rates page, frequency of as-

signed reads is displayed via a bar plot and an interactive table provides information

about all detected barcodes.

Valid Cells: This page provides a summary of quality metrics including the final

cutoff selection. This component of WASP does not only aim to provide users with

an interactive and easy to interpret quality visualization, but also implements a gene

expression generation necessary for further downstream analysis steps. Therefore, the

user is presented with a visualization of the knee plot (section 1.5.2 and Fig. 12) con-

taining all barcodes in descending order by their UMI counts on the x-axis with the

logarithmic count of UMIs on the y-axis. WASP then calculates the first inflection point

of the graph as the recommended threshold to be used for barcode filtering. Thus, bar-

codes with a lower number of UMIs are recommended to be discarded while the other

barcodes are retained for the gene expression matrix. However, users can either directly

select another threshold or also modify the minimum amount of expected cells, e.g. if

the protocol used specifies a minimum or exact number of cells. This directly interacts

with the threshold calculation resulting in a re-calculation of an inflection point leading

to the same or higher number than the minimum of expected cells. With this option,

users can directly correct a low turning point which might be erroneously calculated as

too low in rare cases. Also, when a minimum number of cells is known, e.g. due to the

used device or protocol, it can be used to aid with the correct threshold detection.

Furthermore, the page includes an interactive pie chart displaying the percentage of

mapping rates and feature assignment rates for the selected number of barcodes only.
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Whenever the user changes the threshold of barcodes, the plots are dynamically re-

calculated, providing a direct feedback on how the selection influences quality metrics.

Similar to the Mapping Rates and Gene Counts pages, this page also includes an inter-

active table displaying each barcode with the corresponding number of UMI and gene

counts. Finally, users are able to export and download a gene expression matrix per

sample, containing all selected barcodes as columns and the number of UMI counts

per gene as lines in form of a comma-separated values (CSV) file. In addition to the

gene expression matrix, it is also possible to download a text file containing parame-

ters of Snakemake when the Snakefile is included in the results directory as well as the

selected barcode cutoff (Fig. 23).
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Figure 23: Cell selection page of WASP’s pre-processing visualization Shiny application. This page rep-

resents the last step of the pre-processing visualization. The knee plot on top of the page shows

the first inflection point of the curve which is expected to correlate with the cutoff value sepa-

rating barcodes belonging to real cells from barcodes belonging to ambient RNA. Furthermore,

users can change the cutoff value and also select a recommended value from WASP. Below, pie

charts show mapping rates and feature rates for all selected barcodes. This plot is dynami-

cally re-calculated when the cutoff value above is changed. Finally, a table on the bottom of the

page shows UMI and gene counts per barcode. As before, users can search tables for specific

barcodes and sort by different columns, download all plots and navigate to different analysis

metrics using the menu on the top left side. Also, users can obtain a gene expression matrix as

CSV file including all barcodes from the selected threshold.
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In conclusion, the WASP pre-processing visualization Shiny application provides so-

lutions for the challenges mentioned in Chapter 3.1:

• Many tools used in pre-processing steps do not exhibit visual output

• Selection of barcodes belonging to droplets with cells instead of ambient RNA

The burden of text-based quality metrics output only from various tools during pre-

processing is removed by numerous visualizations using R Shiny. Furthermore, due

to the interactivity of the web application, users can directly switch between different

metrics for an easy quality assessment of their data set. All generated visualizations can

be downloaded in their current state, based on the users selection of parameters. Also,

the application aids users in filtering barcodes that likely belong to ambient mRNA

fragments, thus false-positive hits. Still, users are able to adapt default values with di-

rect feedback on how their decision impacts the data set metrics. In order to support

a reproducible analysis in an FAIR manner, the applied parameters can be exported.

Finally, a gene expression matrix of selected barcodes is generated for further down-

stream analysis.

3.1.3 WASP: Downstream analysis

The third module of WASP aims at providing the typical downstream analysis de-

scribed in section 1.5.2. A huge variety of different tools is mentioned within that chap-

ter with the vast majority of single cell-specific tools being developed in R. However,

these tools or packages usually do not provide a GUI and require the user to transfer

output from one package as input to another package. These requirements could the-

oretically be met by creating a Snakemake workflow with rules for each analysis step,

connecting data flow between different packages. However, this would result in a static

analysis workflow being inappropriate for steps such as clustering that do require mul-

tiple re-calculations with the option to change and optimize parameters. Generally, a

parameter change at any stage would be unnecessarily complex while still not provid-

ing a GUI, thus requiring to add a visualization application afterward.
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Instead, as R Shiny completely supports R packages to be run in the backend and

their results displayed on the web frontend, a Shiny-based web application represents

a more sophisticated solution. Therefore, this module of WASP was developed in R

Shiny similar to the pre-processing visualization part. In addition to the possibility to

use R modules natively and connect data flow between packages in a very similar way

to developing an analysis script in R, this also introduces synergies in WASP as some

parts like the design structures can be used in both Shiny applications using the shiny-

dashboard package, simplifying the usage of both modules for users. Therefore this

implementation removes OS limitations and enables users to modify parameters with

a dynamic re-calculation of plots and result tables. This is of particular importance for

processes with a demand for re-calculations, like the previously mentioned clustering

of cells as a prime example.

When running the WASP application, the user is presented with a welcome page

giving an introduction about the features of the app. The user is then guided to an

upload page for the input data. In addition to the upload options, exemplary schemes

for the upload files are shown to guide users to generate compatible input. While the

previously generated gene expression matrix from WASP can directly be used, this also

allows usage of this WASP module with an externally generated gene expression ma-

trix, thus expanding the possible user base. Apart from the mandatory gene expression

matrix, it is also possible to provide an optional annotation file containing barcodes

or cell IDs with corresponding information, e.g. an already known cell type or sample

origin. This is useful to check the data set for batch effects when analyzing cells from

multiple experiments or conditions. Both files have to be provided in the CSV format.

When the user has uploaded at least a gene expression matrix file, the data is verified

and if the uploaded data is valid, the user is presented with additional options to start

the analysis.
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For this, two analysis types are possible:

• Automatic mode performs a full analysis run including all steps described in one

piece. All parameters are set to a default value without the option to influence

any analysis step. This mode might not generate the best possible result, but is

rather meant to provide a very easy and fast overview about the whole data set.

• Manual mode performs the same set of analysis steps as the automatic mode but

pauses after each step, allowing the user to change parameters before continuing

or to re-calculate from a previous step by selecting the desired step in the menu

on the left side, similar to the pre-processing visualization app.

Regardless of the type of analysis selected, the following steps are performed:

Filtering: Although the gene expression matrix should already be filtered for false-

positive samples, another round of quality control is required. This is necessary as

even real cells might be of low quality regarding their number of UMI counts or de-

tected genes. For this, the uploaded gene expression matrix is converted into an object

from the class SingleCellExperiment based on the eponymous R package [159]. This is

essentially a form of data container introducing conventions for RNA-seq-based data

including how cells and genes should be internally represented and provides methods

for storing dimensionality reduction results. In addition to filtering out whole cells,

WASP also provides the option to filter out genes with low abundance, for example

genes that were only detected in a very low fraction of cells or that are only represented

by a very low number of UMIs. The cutoff values can be modified by slider elements

or also as direct text input (Fig. 24). Furthermore, multiple visualizations present each

distribution for the whole data set as well as the selected cutoff values (Fig. 24). After

a threshold has been set, the user can continue to the next step which initiates removal

of cells below the selected threshold.
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Figure 24: Visualization of multiple quality control metrics for the downstream analysis. Two his-

tograms show distribution of UMI and gene counts per cell with a red line representing the

cutoff value. This value can be changed via the slider elements above each plot. Below is distri-

bution visualizing correlation of transcripts per gene and number of genes for each cell. To aid

identification of trends, a smoothed regression line in red is added to the plot. Threshold values

can be modified using the text boxes above the plot. Furthermore, users can navigate between

the different analysis steps with the menu on the top left side. Also, plots can be downloaded

using the button on the top left side and the next analysis step can be initiated using the button

on the top right side.

Normalization: Following the cell filtering, the remaining data is normalized using

the NormalizeData method from the Seurat R package. This is performed by dividing

the counts for each gene per cell by the total counts for that cell followed by multipli-

cation with a scale factor of 10,000. Finally, each result is natural-log transformed. The

normalized data is subsequently used to perform the following analysis steps based on

the Seurat package. As described in section 1.5.2, the high number of genes - usually

up to tens of thousands of genes - is analyzed for HVGs, as these describe the relevant

differences between cells. Also, the data is scaled to prevent domination of only a few

highly expressed genes.

101



3 Implementation

Furthermore, a PCA is conducted on the scaled data to identify genes that are main

drivers for the variation inside the data set. The results are then visualized:

• The Elbow Plot shows each PC and its corresponding standard deviation, which

results in a curve resembling a human elbow. This is very useful in determining

the dimensionality of the data set, i.e. how many PCs are significant and should be

included for the following analysis steps. When choosing too few PCs, important

data might be lost, however choosing too many PCs can introduce noise to the

data, thereby skewing the results. The elbow plot provides a heuristic approach

to this task as the elbow - the point when the curve begins to flatten - should be

chosen (Fig. 25).
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Figure 25: Elbow plot visualization for significant PCs selection in WASP’s downstream analysis Shiny

application. Each dot represents a PC, ordered descendingly by their standard deviation which

is shown on the y-axis, while the number of each PC is shown on the x-axis. While the first

PCs describe the highest amount of variation of the data set, with increasing PC number the

variation decreases and instead noise is increased. Thus, the point where the ’elbow’ flattens is

recommended to be used as a cutoff. WASP marks this as a red dot and thus recommends to use

the first PCs up to and including this value. Above the plot are buttons to download analysis

data and plots, tabs to switch to different visualizations for PC selection as well as input fields

to select the number of PCs and the resolution value for the clustering which is initiated by the

button on the top right side of the page. Furthermore, users can navigate between the different

analysis steps with the menu on the top left side.

• The Jackstraw Plot is the result of a re-sampling test, permuting random subsets

of 1% of the data with a re-calculated PCA which resembles a null distribution

of feature scores. This procedure is then repeated, resulting in PCs showing an

enrichment of low p-values features being recommended for selection.

• VizPCAPlot shows the top 12 PCs and the genes which represent the main drivers

in these components.

• PCHeatmap is another visualization for main drivers of PCs, showing heatmaps

with the top cells and genes responsible for the PC variation.
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Based on these results, users can select a number of expectedly significant PCs. Es-

pecially the Elbow Plot is very easy to interpret and WASP additionally calculates the

point where the curve begins to flatten, i.e. the recommended cutoff. Additionally,

users can inspect the other plots as well to take a deeper look into the data down to the

gene level to also use biological information for the PC selection. Finally, the number

of significant components can be modified, the standard selection is based on WASP’s

computed recommendation. Also, as continuing to the next step initiates the clustering,

users have to select a resolution parameter for this process. The default value for this is

0.5 and basically defines the granularity of clusters, thus users can increase or decrease

the value to separate data into more or less clusters, respectively.

Clustering: The clustering process in WASP is based on the Seurat package and

therefore is separated into two smaller steps. In the first step, the previously selected

PCs are used to construct a KNN graph based on euclidean distance in the PCA space.

Subsequently, edge weights between each two cells are adjusted according to the over-

lap both share in their local neighborhood - also known as Jaccard similarity. In the

second step, the clustering itself takes place based on modularity optimization tech-

niques. Here the Louvain algorithm is applied with the goal to optimize the modular-

ity, a quality function. This essentially measures density of connections within a cluster

compared to the density of connections within a random distribution. For this, the al-

gorithm first assigns each cell to its own cluster to calculate an initial modularity and

then iteratively merges or moves individual nodes (cells) between clusters to improve

the overall modularity. The previously specified set resolution parameter influences

the determination of cluster sizes and abundance to produce smaller fine-grained or

fewer and larger clusters. After individual node updates, the algorithm performs op-

timization at a larger scale, treating clusters as single nodes instead of cells. The al-

gorithm then iterates between cell-level and cluster-level optimization steps until an

optimal modularity score has been achieved, thus representing all clusters with their

corresponding nodes, e.g. cell types with corresponding cells.
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Clustering results are presented in the form of various plots based on a dimensional-

ity reduced visualization of the data set. These visualizations include t-SNE, UMAP

(Fig. 26), PCA, and multidimensional scaling (MDS) as two-dimensional (2D) and

three-dimensional (3D) visualizations. The 2D plots are generated using the scater R

package and include additional information such as the cell size (gene counts) as well

as meta data, if an annotation file was provided (Fig. 26a). 3D plots are generated with

the plotly R package and provide a mouse overlay exhibiting further information for

each cell (26b).
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(a)

(b)

Figure 26: Visualization of identified clusters with dimension-reduced UMAP plots. (a) 2D UMAP plot

showing all identified clusters as dots of different colors where each dot stands for a cell and

the color represents the assigned cluster. Additionally, the dot size correlates with the gene

counts for each cell and in case of available meta data, different symbols apart from dots are

used for e.g. different cell types or samples. (b) 3D UMAP plot showing all identified clusters

as dots of different colors where each dot stands for a cell and the color represents the assigned

cluster. Above each plot, different tabs for other dimensional reduction-based plots are shown

as well as the option to switch to the 2D or 3D version, respectively. Furthermore, the dot size

correlation to gene counts can be disabled and other parameters for marker gene selection can

be modified using text boxes. The menu on the left side allows navigation to other analysis

steps and buttons on the top and top right side allow download of visualizations and initiation

of marker gene analysis.
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Before continuing to marker gene detection, users can modify the following parame-

ters:

• Find marker genes: This enables users to select a specific cluster of interest to be

analyzed for marker genes. However, it is also possible to select ’none’, so that

only marker genes for each cluster without specific comparison are calculated.

• Compare to selected cluster: In combination with selection of a specific cluster, it

is possible to detect genes specifically separating the previously selected cluster

from this one. It is also possible to select all other clusters to be compared to.

• p-value: Maximum probability that the null hypothesis - both populations are

the same - is true. Thus, a lower p-value indicates a more significant difference

between populations.

• log2fold change: Minimum log-scaled fold difference of a gene between the two

clusters to be considered as a marker gene.

Marker genes: Subsequently, marker genes are detected and results shown with a

variety of visualizations which can be accessed via multiple tabs:

• Heatmap Top Markers shows a heatmap in which clusters are separated into

blocks in which each column corresponds to a cell and each row to a gene. The

coloring of each cell indicates an increase (yellow) or decrease (purple) of the gene

expression for each gene within this cell compared to either all other clusters or

to a specifically selected cluster (Fig. 27).
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Figure 27: Visualization of top up-regulated marker genes for all identified clusters. Clusters are repre-

sented by numbers and color bars - identical to the cluster colors in other visualizations such as

UMAP - above the heatmap visualization. Each column stands for a cell within the correspond-

ing cluster while each row corresponds to the gene mentioned on the y-axis. Expression values

of log2fold change are marked color-coded with negative values in purple to positive values

in yellow. Above the visualization tab are different elements enabling figure modification for

other plots. Furthermore, users can navigate between the different analysis steps with the menu

on the top left side. Also, plots and data tables can be obtained using the buttons on the top

side. On the right, used values for each analysis step are presented.

• Expression of Marker Genes - FeaturePlot shows a t-SNE and UMAP plot of the

data set in which an up-regulated gene expression for each cell is indicated on

a blue to red scale which can be chosen either in absolute or relative log-scale.

Furthermore, users can enter or select gene names to generate the plot for a gene

of interest.

• Expression of Marker Genes - ViolinPlot shows a violin plot for the selected

genes providing information about the distribution of the gene expression up-

regulation in each cluster.
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• Expression of Marker Genes - RidgePlot shows a ridge plot for the selected

genes providing information about the distribution of the gene expression up-

regulation in each cluster.

• Expression of Marker Genes - DotPlot displays each cluster as a dot, with the dot

size indicating the fraction of cells expressing the selected genes and the coloring

with a blue to red scale indicating the average expression level of the gene for this

cluster.

• Expression of Marker Genes - Heatmap shows a heatmap with similar design to

the top markers heatmap but with the selected genes instead.

• Expression of Marker Genes - Co-Expression displays the data set as t-SNE or

UMAP plot but in contrast to the previous FeaturePlot visualization, expression

of two genes is combined. Thus, a green or blue color indicates that only the

first or second gene is expressed, and a turquoise color indicates that a cell highly

expresses both genes.

• List of Marker Genes provides an interactive table showing all detected marker

genes including various analysis data such as the average log fold change for a

gene in a specific cluster, the p-value or fractions of cells expressing the gene in

either of the compared groups, e.g. cluster 1 vs all other clusters. In addition, the

table can be sorted by category and searched for specific genes.

Results: Finally, WASP aggregates generated visualizations, enabling users to review

results of each performed analysis step which can be exported in Portable Document

Format (PDF) format along with the list of marker genes. Furthermore, a summary of

selected parameters and quality metrics can also be exported to support reproducibility.

In conclusion, the third module of WASP provides a robust downstream analysis

workflow incorporating typical analysis steps mentioned in Chapter 1.5.2 and visual-

ized in Fig. 29.
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Also, the mentioned challenge from 3.1 have been taken into account:

• Downstream analysis packages are used by writing programming code which

also includes specific parameters

The implementation of this module as a Shiny application enables an easy and native

implementation of various single cell-specific R packages. Furthermore, the web appli-

cation is designed to integrate important parameters as input elements in the Shiny

GUI, which enables easy access to users unfamiliar with writing or developing R code.

As this module contains a large number of visualization-aided analysis steps, and bio-

logical insights, special attention was paid during software development to the export

of all parameters used and visualizations ready for publication. Finally, the website

menu enables a quick transition between different analysis results including their re-

calculation with modified parameters.
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Figure 28: Major analysis steps performed within the WASP downstream workflow. Each step is vi-

sualized as an orange rectangle with the software used in a blue rectangle. Compared to the

pre-processing workflow (Fig. 20), the steps often comprise multiple tools instead of a clear

separation for each analysis. This is due to the interoperability of internally used R objects, en-

abling to use multiple R packages in a synergistic manner.

3.1.4 WASP: Distribution

As a main concept of WASP is the possibility to use the software on-premise to be

suitable for being used with sensitive data, a variety of distribution options have been

considered. In order to provide the best possible analysis results, components from

multiple domains (R, Bioconductor, Python, Snakemake) have been used for the im-

plementation of WASP. While the different domains provide established distribution

solutions, they are limited to their own ecosystem, hence none of these provides a suit-
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able solution for a distribution of WASP. Generally, all modules and corresponding

scripts are maintained via Github (https://github.com/andreashoek/wasp/),

but in order to distribute WASP efficiently, additional solutions were evaluated. A dis-

tribution method which can be considered closest to a one-fits-all solution is based on

Docker. Docker is a framework which provides software containers using OS-level

virtualization (https://www.docker.com/). The concept is based on Linux Con-

tainers (LXC), which basically describes a method to allow sandboxing of processes

from each other. Therefore, LXC uses a variety of features from the Linux kernel, espe-

cially user namespaces and control groups (cgroups) [160]. Namespaces allows to cre-

ate separate environments (namespaces) including, e.g. own process IDs, users, filesys-

tem including a root directory. Thus, processes outside a namespace are not visible or

accessible to processes inside a namespace. However, the processes appear to run in

a normal Linux system and share the same kernel. The cgroups feature allows group-

ing of processes, limiting their resource consumptions (e.g. CPU and random-access

memory (RAM)) [160]. Each Docker container provides an isolated environment en-

capsulating applications and dependencies together and running processes in isolated

user spaces while still using the underlying kernel of the OS. Therefore, containers are

usually lightweight and executed without much overhead as they do not have to in-

clude an entire OS. Docker uses its own objects such as images, containers, networks

or volumes. Images are templates including instructions for creating a container. Usu-

ally, an image makes use of another image, e.g. a basic Ubuntu image, and contains

additional features. Consequently, a container is an instance of an image that executes

the included application. In addition to commands given in the template, a container

can be modified at its start. Furthermore, it is possible to pause, stop, move and delete

a container, connect the container to one or more networks and attach storage to the

container.

Therefore, a Docker container for each WASP module was created which is publically

available at the Dockerhub registry (https://hub.docker.com/r/andreashoek/

wasp_prepro_pipe,
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https://hub.docker.com/r/andreashoek/wasp_prepro_shiny, https://

hub.docker.com/r/andreashoek/wasp_postpro_shiny). Furthermore, the im-

age files that were used for container creation are publically available in WASPs Github

repository as well to enable users to build or modify own WASP containers.

However, even though Docker provides an out-of-the-box solution, not all users are

able to access Docker. This might be due to security concerns on distributed systems

or users might not be authorized to install Docker. Also, Docker is available for Win-

dows, but its installation and usage might not be feasible for non-experienced users.

Therefore, alternative distribution options were implemented with different solutions

for Snakemake and Shiny.

The Snakemake workflow requires a variety of different bioinformatic tools and Python

packages, which a user would have to install manually to make sure that they are acces-

sible within Snakemake. In order to simplify this process for users, the usage of Conda

is recommended. Conda is an open-source CLI-based package management system

available of Linux, Windows, and MacOS, that creates and manages isolated software

environments (https://anaconda.org/anaconda/conda). While originally de-

veloped for Python packages, Conda nowadays enables users to search a variety of

different repositories, called channels, providing a comprehensive collection of essen-

tial Linux CLI-based tools as well as bioinformatics software and Python packages.

Selected tools and dependencies can be installed in a specific directory on the host sys-

tem, also called a Conda environment. Creating a Conda environment then searches the

specified packages in provided channels and installs all tools including their required

dependencies inside the environment. Following the installation, the environment can

be activated to directly access all installed tools and packages from within a terminal

session. This encapsulation also enables users to easily install multiple versions of tools

and packages in parallel. Therefore, WASP provides a configuration file in the YAML

Ain’t Markup Language (YAML) format including all necessary tools and Python pack-

ages, and their corresponding channels. Thus, users only need to have Conda or the
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alternative package manager Mamba (https://github.com/mamba-org/mamba)

installed to automatically create an environment for WASP’s pre-processing workflow.

As the second and third modules of WASP are based on R Shiny, the installation

procedure generally is less complex. Users only need to install R itself and the required

R packages which can be installed in R directly. A list of packages can be found at

the beginning of the Shiny application file. Furthermore, as R Shiny is not limited

to a Linux-based environment, a standalone version for Windows was developed to

provide an installation-free usage. This is done by using a portable R version bundled

with all necessary packages which can simply be copied to other systems as it does

not use any system-wide path specifications. To run the Shiny modules, a batch (BAT)

file was created which can be directly executed within Windows, starting WASP and

automatically opening the web page on the system’s default web browser. All files

have been ZIP archived and thus only need to be downloaded, extracted and the BAT

file executed. The Windows versions can be obtained via Github (https://github.

com/andreashoek/wasp) and are currently stored within the German Network for

Bioinformatics Infrastructure (de.NBI) cloud.

Although running WASP on local premises provides the highest level of data pri-

vacy, some researchers might prefer to use the software as a service. This could be

due to a lack of suitable hardware or the need to run the software from multiple de-

vices without having to download WASP multiple times. For this, a publically usable

version of WASP has been created based on the open-source framework Shinyproxy.

Shinyproxy is a Java Spring Boot-based web application with a focus on providing

web pages with a GUI to run Shiny apps (https://www.shinyproxy.io/, https:

//github.com/openanalytics/shinyproxy). This includes user authentication

and allows to run multiple Shiny apps for multiple users in parallel while ensuring

fully isolated workspaces for each application. Whenever a user selects to run a Shiny

application, the corresponding application is spawned as a Docker container and the

user is forwarded to the Shiny session. Thus, Docker compose, a tool to define and

manage multi-container applications, was used to spawn Shinyproxy as a container,
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providing a web page for users to log in with credentials and select the two WASP

Shiny applications. After selection, Docker compose manages the creation and life cy-

cle of each corresponding WASP container, including its network connection. Hence,

after the WASP session is terminated, the container and all uploaded data is automat-

ically removed ensuring data privacy. This approach has also been adapted for other

scientific Shiny applications as well [161].

3.1.5 WASP: Summary

In conclusion, WASP represents a software platform providing a comprehensive anal-

ysis of droplet-based single cell RNA-seq data. The software comprises three mod-

ules separating the analysis into pre-processing, evaluation of pre-processing with cell

calling and finally downstream analysis. The implementation of the pre-processing is

based on the workflow engine Snakemake, thereby enabling scalability and portability

to various HPC systems. To support a broad range of droplet-based data, a tailored pro-

cessing of barcode and UMI schemes for multiple manufacturer-specific protocols has

been implemented. Pre-processing visualization and downstream analysis modules are

implemented as R Shiny apps enabling integration of single cell-specific R packages in

combination with a web browser accessible GUI. Furthermore, both modules provide a

wide range of interactive visualizations and enable users to modify analysis parameters

without being familiar with R code generation or bioinformatic knowledge. Separation

of downstream processing in an individual module expands the potential user base, as

externally generated gene expression matrices can be analyzed, as well. All generated

visualizations can be exported as publication ready images as well the used parameters

to facilitate reproducible analysis in regard to FAIR principles.
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Figure 29: Overview of WASPs different modules. Pre-processing is performed using Python and the

workflow engine Snakemake and requires sample data as FASTQ files and a genome reference

in FASTA format with a matching annotation in GTF format. The resulting data from this step is

then visualized based on an R Shiny application which also generates a gene expression matrix

in CSV format containing all barcodes assigned to suspected cells. Finally, the generated gene

expression matrix or an alternatively obtained gene expression matrix is uploaded in the third

WASP module. This module is also implemented as an R Shiny application and provides a vari-

ety of general and single cell-specific analysis steps providing insight into the biological mean-

ing of the data. Furthermore, users can export results in multiple formats: publication-ready

visualizations as PDF format, result tables and used parameters for FAIR-based data analysis as

CSV format.

In order to enable the analysis of sensitive data, a variety of distribution options for

WASP are implemented. All modules and source code is publically released via Github

(https://github.com/andreashoek/wasp). For a simplified accessibility, Docker

is used to provide a containerized version of WASP which includes each module with

its required dependencies. Furthermore, a Conda environment YAML file definition

is included to provide a simple installation of all dependencies necessary to run the

pre-processing workflow on Linux-based OS. Both Shiny applications are available as

standalone versions on Windows, which only require a web browser as a prerequisite.
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3.2 Single cell analysis workflows with openBIS

The second thesis aim was the integration of the previously introduced single cell

RNA-seq analysis software - WASP - into an existing data management platform. Al-

though WASP already provides user-friendly operation by integrating a GUI for as

many processing steps as possible, the pre-processing workflow is still based on CLI ex-

ecution. This is necessary as the utilized tools require a Linux OS. Also, when working

with eukaryotic organisms such as Mus musculus or Homo sapiens, the alignment step

requires a higher amount of system memory, making execution of the pre-processing on

a standard laptop or laboratory computer unfeasible. Hence, WASP already provides

a variety of advantages and simplifies pre-processing for users with access to appro-

priate systems. However, this is not the case for many researchers or lab members,

and when running large-scale studies or multiple samples, access to an HPC system

could noticeably speed up the analysis. In addition, data storage poses a challenge in

this regard, as researchers generate a large amount of data (sets) that benefit should

be accessible for analysis and comparisons across different laboratories and sites. This

problem has already been described extensively in sections 1.6 and 2. Also, in regard

to FAIR principles, it is the most preferred option to bundle data sets and workflows

including their results and offer the option to directly run analysis from within the data

storage platform. As previously mentioned in chapter 2, the BCF provides a modified

openBIS system including a module to run workflows with stored data. Thus, the inte-

gration of WASP as an analysis platform for transcriptomic single cell data in openBIS

meets the previously mentioned criteria and aims to simplify reproducible and efficient

single cell data set analysis even further.

3.2.1 Integration of WASP into openBIS

The limited visualization possibilities mentioned above (section 1.6.1) stand in contrast

to the interactive Shiny modules of WASP. Even though these modules are accessible

via a web browser, they focus on providing interactive results for users, which can not

be delivered by a static HTML page. Therefore, an integration of WASP into openBIS is
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desirable to provide interactive usability. However, the openBIS implementation does

not provide execution of software frameworks outside of the workflow registry. Thus,

it is possible to run the WASP pre-processing workflow as it is Snakemake-based and

therefore supported by the workflow registry. However, its results can only be stored as

files inside openBIS but not visually accessed. One way to work around this limitation

is to download all data from the pre-processing locally to continue with the analysis lo-

cally. This would be a functional alternative and especially makes sense for the down-

stream processing to promote usability for externally pre-processed data. However,

users would benefit from accessing at least the pre-processing Shiny module directly

from openBIS to be able to perform a full pre-processing workflow with GUI support.

Also, this further lowers the entry-barrier to perform single cell RNA-seq analysis for

non-bioinformaticians as they do not have to switch between different systems.

In order to achieve a direct usage of WASP inside openBIS, the pre-processing work-

flow was first integrated into it. As mentioned before, the workflow registry already

supports execution of Snakemake workflows and is capable of handling Conda envi-

ronments. Therefore, this part of WASP was easily integrated in cooperation with Sven

Griep. This integration also enables to overcome the remaining entry-barrier of WASP

- the CLI-based usage of the pre-processing module. As the workflow registry comes

with its own GUI, users are able to select all required parameters via a dropdown menu,

select data sets directly in the project browser and start the analysis via a button. Fol-

lowing such an analysis, resulting pre-processing files are stored inside the openBIS sys-

tem, connected to the original experiment and are displayed in the project browser. In

order to provide the mentioned interactive visualization, pre-processing was extended

and an external modified WASP pre-processing module was implemented.

This pre-processing extension now includes another archive step which collects all

results inside a ZIP archive and is then followed by an upload step (Fig. 30a). This

enables to not only store the result data from WASP in openBIS, but also performs

an upload into an S3 object storage bucket located inside the de.NBI cloud. This con-

cept is built upon an Ubuntu-based VM located in the de.NBI cloud running Docker
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and an open-source nginx web server. Whenever the upload step is reached, a cus-

tom Python script is used within Snakemake to perform an HTTP GET request to

receive a S3-Uniform Resource Locator (URL) for data upload. The nginx server on

the VM redirects this request to a custom Python script generating a new random

ID sequence. Furthermore, utilizing Amazon’s open-source Boto3 Python package

(https://github.com/boto/boto3), this ID is combined with a pre-signed URL

providing temporarily limited access to an S3 bucket. After receiving the URL, the up-

load is executed within Snakemake using the HTTP POST method. Furthermore, an

HTML document is generated which contains a redirect link including the received ID

corresponding to the uploaded data. When the pre-processing workflow is finished,

the HTML file is stored among all other result files in the openBIS system. As open-

BIS does natively support HTML files, users can select this file in the openBIS project

browser and thereby follow the redirect link (Fig. 30a).

Subsequently, the request is received and redirected via the nginx server in the VM

to a second Python script. This uses the received ID and again the Boto3 library to

generate a temporary URL pointing to the corresponding data set. In addition, the

script starts a modified WASP Shiny Docker container which uses the temporary URL

to download and extract the data set. This container is then presented in the users web

browser. Instead of presenting the user an upload button for WASP results, the software

directly presents the Shiny web application with the data set corresponding to the ID.

In summary, the user simply opens the HTML file and is automatically redirected to a

remote WASP Docker container interactively presenting results from the pre-processing

workflow (Fig. 30b). Similar to running the Shiny application locally, the user can

continue to perform a WASP analysis described in section 3.1.2.
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(a)

(b)

Figure 30: Schematic overview of the WASP integration in openBIS. (a) During the final steps of the

pre-processing workflow performed via the workflow registry within openBIS, the Snakemake

workflow sends a request for an S3 URL to a VM in the de.NBI cloud. Using the boto3 pack-

age, a time-bound URL with a random ID providing access to an S3 bucket is generated. This

pre-signed URL is returned and used to upload the pre-processed WASP. Finally, the URL with

the ID is written to a HTML document and stored in openBIS. (b) Users can select the previ-

ously generated HTML file to analyze the results in an interactive WASP session. For this, the

HTML document redirects the user from openBIS to a VM in the de.NBI cloud. This request

also provides the ID for the data set of interest which is used to request a temporary pre-signed

URL providing access to the data set in the S3. Subsequently, a Docker container with the WASP

pre-processing Shiny application is spawned, the data set imported into the container using the

S3 URL and the user gets redirected to the WASP GUI.
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3.2.2 WASP openBIS integration summary

In conclusion, the integration of WASP’s pre-processing into the openBIS workflow reg-

istry provides a user-friendly interface for this step, thereby making the sophisticated

features of the WASP pre-processing workflow available to all users of the openBIS in-

stance. Also, as openBIS is directly connected to the HPC infrastructure maintained

by the BCF, users are not required to provision own compute resources. Additionally,

users are able to use the sophisticated data storage and management features provided

by openBIS and can directly perform a single cell RNA-seq analysis from within this

system, extending FAIR data analysis possibilities. This is achieved by the extension of

the WASP Snakemake workflow to perform a duplicated data upload into the de.NBI

S3 storage enabling to use remote WASP instances to deliver visualization and further

analysis steps overcoming the limited possibilities to explore results within openBIS.

Using the Boto3 library and custom Python scripts, the process of data upload is fully

automated and its use of random IDs prevents third parties from unauthorized data ac-

cess. Finally, integration of data access into an HTML document allows users to directly

perform further interactive WASP analysis steps from within the openBIS web fron-

tend. Thus, the WASP integration into openBIS provides an additional step towards

providing researchers with a comprehensive platform for secure and FAIR sequence

data storage, management and analysis with a low-entry barrier.
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4 Results and practical application

WASP was designed as an easy solution to provide researchers with the appropriate

means to conduct single cell RNA-seq analyses. A need for such a solution originally

arose from bioinformatic analysis requirements based on experiments carried out as

part of the KFO309 research consortium. The successful application of the WASP plat-

form is demonstrated in this thesis using two examples.

For the first example in chapter 4.1, WASP was used for a ddSEQ-based single-cell

analysis derived from Mus musculus lung organoids within the KFO309. The second

example in chapter 4.2 shows the application of WASP in a research project focusing on

the Asteria-based single cell analysis of Galleria melonella as an insect infection model

for the lung disease tuberculosis.

In addition to the direct application of WASP, an example in chapter 4.3 demonstrates

the openBIS integration of WASP using a 10x-based single-cell RNA-seq data set, which

enables both the storage of experimental data and meta data and the direct analysis of

this stored data.

4.1 Single cell analysis of Mus musculus bronchioalveolar lung organoids

The impact of respiratory tract diseases for humanity drastically showed in the re-

cently emerged COVID-19 pandemic which resulted in a total of 663,640,386 cases

and 6,713,093 deaths worldwide as of January 21, 2023 [162]. Other notable exam-

ples of pulmonary diseases caused by coronaviruses include severe acute respiratory

syndrome (SARS) and middle east respiratory syndrome (MERS) [163] and the less se-

vere common cold, caused by coronaviruses as well as a variety of other viruses. These

diseases affect almost every person each year [164]. Further airborne diseases include

influenza, caused by various influenza viruses, and a variety of bacteria-related pul-

monary infections, which can lead to pneumonia, often as a secondary infection follow-

ing a virus-based disease [165]. In addition to infectious diseases, chronic respiratory

disorders such as asthma, idiopathic pulmonary fibrosis (IPF), and chronic obstructive

122



4 Results and practical application

pulmonary disease (COPD) introduce another significant health issue accounting for

approximately 8% of global mortality [166], thereby making this the 4th leading cause

of deaths worldwide [167]. Finally, lung tumors increase the burden of lung-related

morbidity and mortality, thus making research an important topic for global health.

Research of the lung introduces a variety of cellular and structural complexities.

Within an organism, the lung is relatively inaccessible and further is subjected to con-

tinuous movement [168]. In addition, the cellular composition comprises more than 40

different cell types [169], while other organs such as the stomach or liver solely consist

of four or five main cell types, respectively [170, 171]. These cell types are further orga-

nized in multiple regions in different proportions embedded in a 3D structure. Thus,

previous study approaches involving ex vivo tissues do not provide accurate dynamic

information [168]. Other approaches, e.g. using a 2D based cell culture of lung cells, do

provide opportunities for studying a variety of clinical conditions or drug responses

of these cells [168]. However, this method lacks an appropriate organ-like structure

including its cellular composition. Therefore, these approaches exclude specific cell

types, structures and cell-to-cell interactions leading to a limited model for studying

lung disease mechanisms. For example, influenza or severe acute respiratory syndrome

coronavirus 2 (SARS-CoV-2) infections may induce inflammation and thus damage and

cell death to epithelial lung tissue, which can subsequently lead to a reduced resistance

against other pathogens [172, 173]. Another example is the effect of smoking on ep-

ithelial lung integrity, which leads to epithelial remodeling playing an important role

in COPD [174]. Further, the disease mechanism of COPD [175], IPF [176] and specific

lung cancers [177] is fundamentally influenced by lung-infiltrating immune cells. How-

ever, these examples require a more complex study model than a 2D cell culture system

to shed light on the involved biological processes, and thus, identification of treatment

targets.

An approach to overcome these limitations to some extent and to implement a more

sophisticated analysis model is the generation of so-called organoids. These can be

defined as in vitro 3D structures based on different types of stem cells, which form

123



4 Results and practical application

structures resembling an organ when cultured appropriately [178]. In the past decade,

organoids have been successfully cultured for multiple tissues including colon [179],

stomach [180], liver and pancreas [181], and more recently, the lung [182]. The res-

piratory system comprises upper and lower respiratory tracts. The upper respiratory

tract includes the nasal cavity as well as larynx and pharynx, while the lower respira-

tory tract includes the trachea, primary bronchi, bronchioles and alveoli. The epithe-

lium covering the upper respiratory tract consists of basal cells, mucus-producing gob-

let cells, and ciliated cells facilitating mucociliary clearance. The tracheal epithelium

mainly consists of basal, goblet and ciliated cells, as well, but further includes club

and tuft cells, which are fulfilling protective roles such as repair after injury [183], and

chemosensory, neuronal and immunological functions [184], respectively [185]. The ep-

ithelium in the bronchioles comprises the same cell types as the tracheal epithelium, but

is based on more cuboidal-shaped cells with shorter cilia and additonal contains pul-

monary neuroendocrine cells modulating immune processes through secretion [186]

[185]. In contrast to the previous tissues, alveolar epithelium primarily consists of alve-

olar type I and type II cells. Type I cells cover around 95% of the alveolar surface and

play a crucial role for the gas-exchange function in the lung [187]. Type II cells secrete

surfactant and can further differentiate into type I cells following injury repair [187].

Therefore, respiratory-based organoids can be classified into three different types ac-

cording to their cellular composition [188]:

• Airway organoids resemble upper respiratory tract tissue as well as lower respi-

ratory tract tissues except alveoli. Thus, these organoids typically consist of basal,

ciliated, goblet, tuft and pulmonary neuroendocrine cells [188].

• Alveolar organoids resemble alveolar epithelium, consisting of type I and type II

alveolar epithelial cells (AECs) [188].

• Lung organoids comprise cells from airway and alveolar tissue and thus resemble

a more complete model of the lung [188].
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These organoids can be grown from different cells obtained from either adult tissue,

embryonic progenitor cells or induced pluripotent stem cells, which are reprogrammed

adult somatic cells altered through induced genes and factors [188] [189]. In a first step,

the tissue is either enzymatically or mechanically digested to extract cells from the ex-

tracellular matrix. Following, cells have to be filtered based on e.g. specific cell markers

using FACS or Magnetic-activated cell sorting (MACS). Filtered cells then need to be

cultured to facilitate cellular differentiation and growth of the organoid structures. One

of the most common culture methods is the usage of Matrigel, which is based on the

basement membrane matrix secreted by Engelbreth-Holm-Swarm mouse sarcoma cells

[188] [190]. This serves as a sort of artificial extracellular membrane containing growth

factors and enabling attachment and growth of the filtered cells [190]. Other methods

include an air-liquid interface using a permeable membrane to enable contact between

cells and liquid medium and self-assembled spheres, where cells are seeded onto ultra-

low attachment plates [188]. These methods have been utilized to create a variety of dif-

ferent organoid approaches. For example, isolated basal cells can be grown to so-called

tracheospheres consisting of basal and ciliated luminal cells [191]. Co-culturing of AEC

type II cells with Platelet-derived growth factor receptor A (PDGFRA) expressing lung

mesenchymal cells on the other hand enables growing of alveolar-like structures ex-

hibiting AEC type I and II cells [192], [193]. A higher variety in the organoid structure

has also been achieved by combining lung epithelial stem cells with bronchioalveolar

stem cells (BASCs) and lung endothelial cells [194]. Although these approaches already

provide a more complex structure to a distinct level and enable an improved model for

research, they still reflect limited morphological and cellular properties of a complete

lung. Thus, many approaches only contain a sample of the cellular composition such as

lung epithelial cells and sometimes mesenchymal cells, but these organoids also do not

resemble the complexity of bronchioalveolar structures. Furthermore, cells of myeloid

origin residing in the lung-tissue, crucial mediators for lung development, immune re-

sponse, and tissue regeneration are missing.
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4.1.1 Generation and bioinformatic analysis of bronchioalveolar lung organoids

The following section describes a study, alongside which WASP was developed and

successfully applied for the first time; the contents of this section are based on the origi-

nal publication describing the results (Vazquez-Armendariz et al., [195]) without further

explicit attribution.

To overcome the aforementioned limitations of lung organoid approaches, the KFO309

has dedicated a project to facilitate development of a more complete lung model. A ma-

jor motivation for this project is to obtain an organoid model which sheds further light

on regenerative processes of lung tissue in response to viral infections such as influenza.

In this regard, a previous study already showed that a specific population of distal lung

epithelial cells enriched with lung epithelial stem/progenitor cells reveals a high prolif-

erative potential in reaction to influenza A virus (IAV)-induced injury [196]. The epithe-

lial cell population is further characterized based on a distinct surface protein profile

exhibiting a high expression level of epithelial cell adhesion molecule (EpCAM), a low

expression level of cluster of differentiation 24 (CD24) and the presence of Stem cells

antigen-1 (Sca-1), or in short: EpCAMhighCD24lowSca-1+ [197]. Furthermore, this pop-

ulation proliferates and forms organosphere structures when cultured with multiple

growth factors in Matrigel culture and initiates lung tissue repair and even generation

of AEC type I cells when transplanted into IAV-injured murine lungs, exhibiting stem

cell properties [197]. This ability further depends on a subpopulation of BASCs, which

characteristically co-express the genes Secretoglobin Family 1A Member 1 (SCGB1A1)

and Surfactant Protein C (SFTPC). These BASCs enable differentiation into club cells

and AEC type I and II, contributing to bronchiolar and alveolar epithelial tissue repair

following injury. Based on this prior knowledge, a new type of lung organoid should

be established.

In order to develop a protocol for generation of so-called bronchioalveolar lung or-

ganoids (BALOs), the necessary cells need to be isolated. For this, leukocyte and en-

doethelial cell-depleted lung homogenates from wild-type Mus musculus were used.

Based on FACS sorting, lung epithelial stem/progenitor cells with the expression pro-
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file EpCAMhighCD24lowSca-1+ were isolated. In addition, a subset of lung-resident

mesenchymal cells (rMCs), defined by absence of EpCAM and presence of Sca-1 -

EpCAM-Sca-1+, was isolated as well. Both isolates were subsequently cultured together

in Matrigel for organoid growth. A successful organoid formation was observed with

development of central bronchiolar-like structures after 10-11 days and development

of peripheral alveolar-like structures after 21 days. Validation via fluorescent imag-

ing also showed positive staining of bronchiolar-like structures for the club cell marker

SCGB1A1 and alveolar-like structures for the AEC II marker SFTPC [195].

Apart from successful BALO formation, making up about 80% of all organoids, two

more types of organoids have been observed during culturing: bronchiolospheres, a

phenotype based on composition of large tube structures making up 14% of formed

organoids, and alveolospheres, a phenotype based on composition of compact saccular

structures, making up 6% of all organoids, with both phenotypes resembling the less

complex organoids mentioned before [195]. In order to further understand the develop-

ment of multiple phenotypes, two different populations of EpCAMhighCD24lowSca-1+

cells with integration of different fluorescence proteins were selected. One cell popu-

lation expresses tdTomate-red, while the other population expresses green fluorescent

protein (GFP), resulting in red or green organoids only. Thus, observed organoids were

derived from clonal expansion of a single cell instead of self-assembly of multiple cell

types which would result in colorfully mixed phenotypes [195].

To characterize the cell type(s) responsible for the different organoid phenotypes,

the used EpCAMhighCD24lowSca-1+ cells were analyzed for different epithelial mark-

ers. As mentioned before, BASCs have repair abilities following lung injury and thus

are able to differentiate into bronchiolar and alveolar cells. Therefore, cells were tested

for expression of a club cell marker SCGB1A1 and an AEC type II marker SFTPC by

extracting cells from double reporter mice. Thus, expression of SCGB1A1 is coupled

to red fluorescent protein mCherry and expression of SFTPC is coupled to yellow fluo-

rescent protein (YFP). The analysis resulted in a distribution of around 95% of the cells

being positive for club cell marker and negative for AEC II marker (SCGB1A1+SFTPC-),
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about 5% of the cells being positive for both markers (SCGB1A1+SFTPC+) and less than

0.5% negative for club cell marker and positive for AEC II marker (SCGB1A1-SFTPC+).

Subsequently, the formed organoids were analyzed for their marker composition as

well, resulting in a very different distribution. After 21 days of culturing, the largest

fraction of organoids with 80% were represented in the form of mature BALOs, which

consisted of SCGB1A1+SFTPC+ cells. Bronchiolospheres presented 11% of organoids

and consisted of SCGB1A1+SFTPC- cells, while alveolospheres accounted for 9% of

organoids and grew from SCGB1A1-SFTPC+ cells. This result was validated by sep-

arating cells with flow sorting according to their expression of both marker genes and

subsequent culturing. Mature BALOs were only obtained from the population with

SCGB1A1+SFTPC+ expression pointing out their BASC phenotype, while SCGB1A1+

or SFTPC+ single positive cells did not grow into BALOs but instead developed exclu-

sively into bronchiolospheres or alveolospheres, respectively. Further, BALO forma-

tion was analyzed regarding mCherry and YFP expression during development. In the

early-stage BALO development, cells positive for both markers showed a uniform dis-

tribution with a decreasing number of double-positive cells resulting in a small fraction

remaining after 8 days. After 21 days, SCGB1A1 expression concentrated on central

branches which are surrounded with alveolar-like structures that show SFTPC expres-

sion. Presence of BASCs was further investigated by digesting successfully formed

BALOs and culturing the obtained cells together with freshly sorted rMCs. As a re-

sult, new BALO formation was observed, although with a lower frequency indicating

that cultured BALOs still include cell/progenitor cells with the potential to develop

into bronchiospheres and alveolospheres. The possibility to create new BALOs from

previous generations was retained even with additional passages. Finally, SCGB1A1+

SFTPC+ cells were labeled using the LacZ gene encoding for β-galactosidase, allowing

to visualize presence of these cells throughout BALO development. By detecting LacZ

activity using the specific substrate X-gal, presence of SCGB1A1+SFTPC+ BASCs was

detected in distal BALOs regions after more than 60 days of organoid culture.
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After this first molecular characterization of BALOs and BASCs, a more comprehen-

sive analysis of the organoids was planned with a focus on their cellular composition.

In order to achieve a unbiased and high resolution, mature BALOs grown for 21 days

were digested and processed using single cell RNA-seq. This was performed using the

ddSEQ cell isolator from BioRad in combination with the SureCell protocol from Illu-

mina. As mentioned above in section (3.1.1), the SureCell ddSEQ protocol constitutes a

droplet-sequencing approach with high throughput processing of cells. For processing,

cells were mixed with lysis buffer, barcoding beads and reverse transcription reagent.

This mixture was turned into an emulsion using the ddSEQ isolator resulting in cell

lysis and capture of mRNAs to barcoded beads within the droplets. Following, reverse

transcription turned captured mRNA into cDNA which was subsequently purified and

complemented by second-strand synthesis. In the next step, cDNA was turned into li-

braries for Illumina sequencing which required fragmentation with a tagment enzyme

and following amplification of the fragments. Lastly, the libraries were cleaned up,

pooled and sequenced using an Illumina NextSeq 500 system.

Following the sequencing, raw reads of three samples - named ’ddSeq5’, ’ddSeq6’

and ’ddSeq7’ - were uploaded to Illumina’s BaseSpace platform and a first analysis was

conducted using the SureCell analysis pipeline as implemented within BaseSpace. This

workflow includes mostly pre-processing steps: mapping, feature extraction and de-

multiplexing of cells with subsequent detection of correct barcodes, and a prediction

of reads belonging to real cells instead of being ambient background RNA. Also, some

downstream analysis steps were carried out as well, providing a first insight into gene

expression throughout the data set. However, results mostly focused on providing a

simple overview of the data set with a variety of text-based information exhibiting read

quality metrics such as number of reads, valid barcodes, mapping and feature rates and

number of identified cells. Further, PCA and t-SNE plots were provided to check for ba-

sic expression information of a specific gene throughout cells in the data set. However,

a variety of crucial information is missing, for example the detection of cellular clusters

enabling prediction of cell types and consequently, the detection of marker genes or
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differential gene expression. Also, downstream analysis is performed without any fur-

ther information about used threshold values or quality cutoffs and thus does not allow

any customization of parameters to account for data set specific properties. Thus, the

SureCell pipeline and the BaseSpace platform in general do not fulfill the principles of

FAIR data mentioned in section 1.6. While more information about used software and

parameters was provided for pre-processing of the data, a user-based customization

of these steps was also not possible. Furthermore, each step of the SureCell pipeline

is controlled by Illumina, which means data is for example stored and processed on

Amazon Web Services (AWS), which can be an issue for sensitive data and also results

in users being charged for each analysis run as BaseSpace is a commercial platform.

To overcome the mentioned issues, a custom analysis had to be performed. For this,

the main focus was set on generating a tailored but also reusable analysis pipeline to

be compatible with future data sets. The analysis was separated into two major parts

- pre-processing as described in section 1.5.1 and downstream analysis as described in

section 1.5.2. Generally, pre-processing was expected to take up a significantly higher

amount of compute resources and thus ideally needed to be performed only once or

a few times, while downstream analysis was expected to be performed multiple times

with changing parameters for e.g. clustering or expression analysis for a changing list

of genes. Naturally, pre-processing of the raw data is a required process generating

the necessary files for the following downstream analysis providing more biological

insights. Thus, in a first step a pre-processing workflow was established focusing on

the following steps:

• Sequencing quality control

• Extraction of valid barcodes and demultiplexing

• Mapping to mm10 Mus musculus reference genome

• Feature extraction

130



4 Results and practical application

• UMI counting

• Removal of false-positive barcodes

As each of the steps requires a different tool, a variety of tools have been evalu-

ated. For all steps applicable, software which was shown to be suitable for single cell

purposes was selected. Mapping was performed using STAR, feature extraction was

carried out using featureCounts and for UMI counting the software UMI-tools was ap-

plied. Another benefit for result comparison to BaseSpace was the usage of STAR and

featureCounts in the SureCell workflow in BaseSpace as well. Demultiplexing and re-

moval of erroneous barcodes however required a tailored solution, as previously avail-

able solutions mostly supported the 10x barcode and UMI scheme, but not the frag-

mented scheme used with the ddSEQ protocol. This led to the challenge of identifying

the ddSEQ scheme as well as generating an algorithm following the manufacturers

description of correcting small errors within the sequence and removal of sequences

exceeding the expected error rate. The sequence schemata are already shown and ex-

plained in more detail in section 3.1.1 and figure 16. Following a request, Illumina

and BioRad provided a technical note (Pub. No. 1070-2016-015-A) which contained a

whitelist of correct barcodes as well as a more detailed description on barcode decod-

ing and allowed edit distances for per base error correction of each sequence fragment.

To address these limitations, a Python script was developed which reads in sequences

from the FASTQ read file, processes each read, corrects errors and filters out sequences

which do not match the described schemata. Furthermore, the script also implements

demultiplexing based on the detected barcode, resulting in a separate FASTQ file for

each barcode comprising all associated sequences. Thus, a FASTQ file was generated

for each proposed cell, which could then be used for further processing.

However, this approach revealed a major disadvantage regarding the processing time

resulting in two to three days computation time for a full pre-processing approach of

the experimental data set comprising around 233 million reads. Especially for testing

and development of a pre-processing pipeline, this led to unnecessary long waiting

times. Additionally, KFO309 researchers would have to wait days until further biolog-
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ical analysis could be performed. Furthermore, a larger data set or a scaled up exper-

iment implies an even longer waiting time for users. And finally, this approach still

required a large amount of compute resources to fulfill the analysis within the men-

tioned time, as each barcode needed to be processed individually resulting in hun-

dreds of thousands of analysis runs performing mapping, feature extraction and UMI

counting. In order to reduce the computational burden and improve analysis time, the

current approach was evaluated for possible bottlenecks. A major issue in this regard

was the separation of reads based on the barcodes as a first step, resulting in hundreds

of thousands of FASTQ files. As a result, each following analysis step needed to be

carried out hundreds of thousands of times as well, causing a huge number of input

and output operations which had to be managed by the CPU. This results in a great

overhead in input and output operations leading to an extended processing time. This

became clear when the previous workflow was compared to a direct mapping and fea-

ture extraction of the non-separated FASTQ file from the data set. When mapping and

feature extraction were performed on the non-separated FASTQ file, the whole process-

ing time was reduced to about four hours. In case of mapping, each performed step

requires generating a genome index for Mus musculus which is a time-intensive and

also memory-intensive process taking up about 30 GB of RAM, limiting the number

of parallel processes. Feature extraction, on the other hand, is less memory-intensive,

but running featureCounts with the non-separated input file takes less than 30 min-

utes, which indicates a massive input/output bound delay when processing hundreds

of thousands of files.

In addition, extraction, correction or removal of barcodes has been separated from

the demultiplexing process itself to enable a parallel and thus faster processing. For

this, the BAM file obtained after mapping and feature extraction was split into chunks

of 1,000,000 reads which were then validated using a Python script. Based on the de-

scription from Illumina and BioRad, each read was checked for a valid barcode and

UMI scheme, base errors within the edit distance limitations were corrected and veri-

fied using the official whitelist. Reads exhibiting verified barcodes were then written
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to a new BAM file with barcode and UMI sequence added to the QNAME entry using

underscores for separation and finally all generated chunk BAM files merged together.

The newly merged file was then processed with UMI-tools to generate UMI counts

per barcode and gene. Due to the merging, UMI counting did also prevent a higher

input/output bound delay which would appear when being run for each detected bar-

code individually. In the next step, the counted UMIs were demultiplexed, resulting in

a TSV file for each barcode. The final step was then to generate a gene expression matrix

containing only barcodes which are likely associated with a real cell. For this, a custom

R script was generated which plotted UMIs for each data set in decreasing number of

UMI per barcode as so-called knee plot (section 1.5.2, figure 12) and calculated the first

inflection point of the curve as proposed cutoff value. Therefore, the improved order of

analysis steps is as follows:

• Sequencing quality control

• Mapping to mm10 Mus musculus reference genome

• Feature extraction

• Extraction of valid barcodes

• UMI counting

• Demultiplexing

• Removal of false-positive barcodes

During the experimental analysis, a variety of steps were carried out separately, espe-

cially scripts that were under development. Following the successful processing of the

single cell data, all steps except false-positive barcode removal have been transformed

into a Snakemake script to ensure an easy, scalable and reproducible analysis. Follow-

ing the experimental BALO analysis, this Snakemake script was then implemented into

the WASP software to perform the pre-processing of single cell data.

133



4 Results and practical application

Table 2: Read metrics of ddSEQ-based single cell sequencing of mouse lung organoids. The data set

consists of three samples ’ddSeq5’, ’ddSeq6’, ’ddSeq7’ which are all results of single cell RNA

sequencing of mouse BALOs. BS = BaseSpace, Kp = Knee plot

Sample Reads total Reads valid Barcodes Predicted cells (BS) Predicted cells (Kp)

ddSeq5 172,518,245 125,868,400 343,404 321 346

ddSeq6 60,596,840 46,333,757 244,494 424 399

ddSeq7 49,832,257 36,263,149 227,730 228 191

The last step of barcode validation was further developed for WASP as an interactive

R Shiny web application and complemented with various visualizations of other read-

based quality metrics to provide an easy and direct overview about the data set quality.

Results of the pre-processed BALO data set are shown in table 2. Although data sets

were based on a similar input of mouse lung organoids, a difference in data set size was

observed with ddSeq5 containing the largest amount of reads, ddSeq6 as second largest

sample including slightly less than two thirds of the reads of ddSeq5 while ddSeq7 is

the smallest data set containing less than one third of the reads of ddSeq5. Following

the removal of reads without a valid barcode, 72.96% reads of ddSeq5, 76.46% reads

of ddSeq6, and 72.22% reads of ddSeq7 remained. While ddSeq5 and ddSeq7 are sep-

arated by more than 100,000 detected barcodes, the high numbers still underlined the

need for removal of ambient RNA-based barcodes. Due to information provided by

the manufacturer and previous experiences, we expected up to 400 cells in the best

case. As table 2 shows, ddSeq5 and ddSeq6 were close to the expected value, while

ddSeq7 reached only about half of the 400 cells. Also, a difference in cell calling was

observed when comparing the custom knee plot approach with the BaseSpace results.

While cell calling of ddSeq5 resulted in 25 cells more in the custom analysis compared

to BaseSpace, ddSeq6 resulted in 25 cells less and ddSeq7 in 37 cells less compared to

the BaseSpace prediction, respectively. For each data set, cells predicted using the knee

plot approach were then combined into a gene expression matrix, which was then used

for the following downstream analysis.
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Similar to the pre-processing, a variety of tools were evaluated, although the down-

stream analysis often requires software more tailored to single cell application com-

pared to multi-purpose tools for pre-processing steps such as mapping. An overview

from 2018 about single cell analysis tools found that the most commonly used plat-

form for these tools is the statistical programming language R, used for around 60% of

available software [198]. These packages were typically available via the repositories

Bioconductor and CRAN. The second largest platform used is the programming lan-

guage Python, used for around 25% of available software [198]. This was also reflected

in the fact that two of the most popular and comprehensive single cell tools - Seurat and

Scanpy - are R or Python-based. However, the wide range of R-based tools enables an

easy extension of an analysis workflow as stored and processed data can easily be ex-

changed between different packages due to compatible data classes. The compatibility

was a great benefit during the workflow development, as this required frequent chang-

ing of analysis tools and methods. Furthermore, extension of an established pipeline

can also be performed with less complexity. Finally, the Shiny package provided the op-

portunity for a comprehensive integration of an R-based analysis workflow into a web

interface with GUI. Therefore, the decision was made to focus on an R-based workflow

and the analysis was performed mostly using the Seurat R package.

As a first step, quality control was performed which led to removal of genes ex-

pressed in less than three cells and cells expressing less than 200 genes. In the next step,

UMI values for each cell were normalized by dividing per gene counts for each cell by

the cell’s total counts, multiplying the result with a scale factor of 10,000, subsequently

adding a count of 1 and performing natural-log transformation (log1p). Following nor-

malization, highly variable genes were identified in the data set by calculating average

expression and dispersion for each gene, placing genes into bins and calculating a z-

score for dispersion within each bin. The data set was then scaled and centered by

regressing values based on the number of UMIs per cell. Based on previously iden-

tified highly variable genes, a PCA was performed for dimensionality reduction and

significant PCs selected based on an elbow plot visualization. The resulting data was
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then used to perform clustering of cells with Seurat’s Louvain algorithm combining

graph construction based on euclidean distances in PCA space and modularity opti-

mization techniques. Calculated clusters were then visualized using t-SNE, up- and

downregulated genes or marker genes with differential expression were identified for

each cluster and visualized in form of violin plots and heat maps (Fig. 32).

The clustering resulted in a detection of four distinct clusters referred as C1, C2, C3

and C4 (Fig. 32A ). Evaluation of the marker genes that were upregulated in each cluster

enabled a biological function assignment of the cells. C1 and C2 represented lung ep-

ithelial subpopulations expressing airway and alveoli-associated genes whereas C3 and

C4 represented lung mesenchymal subpopulations expressing fibroblast-associated genes.

C1 was further characterized as an airway cell cluster with expression of cellular mark-

ers for ciliated cells (Itgb4), basal cells (Trp63 and Krt7) and respiratory epithelial cells

(Sox2) (Fig. 32C) [199], [200], [201]. C2 was further characterized as an alveolar cell

cluster with expression of AEC type II markers (Cxcl15, Lyz and Sftpc) and AEC type

I markers (Hopx) (Fig. 32D) [199], [200], [201]. C3 was further characterized as a my-

ofibroblast cell cluster with expression of according markers such as PDGFRA, Tagln,

Acta, Eln and Axin2 (Fig. 32E) [202], [203], [204]. C4 was further characterized as a

lipofibroblast cell cluster with expression of according markers such as Fgf10, Apoe,

Serpina3n, Gsn and Gas6 (Fig. 32F) [202], [203], [204].
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Figure 31: Downstream analysis results of BALO single cell data set sample ddSeq5. A) Heat map pro-

viding an overview of the detected clusters C1, C2, C3 and C4 with log2fold change expression

values of cell type specific marker genes. B) t-SNE plot with the four distinct clusters. C) Violin

plots with log2fold change values of airway-associated genes. D) Violin plots with log2fold

change values of alveolar-associated genes. E) Violin plots with log2fold change values of

myofibroblast-associated genes. F) Violin plots with log2fold change values of lipofibroblast-

associated genes. All figures were published in Vazquez-Armendariz et al. 2020 [195]

Apart from the in silico characterization, BALOs were also analyzed using FACS and

electron microscopy. In line with the computational analysis, FACS sorting of day 0

and day 21 BALO cultures revealed an Epcam+ epithelial and an Epcam- mesenchymal

fraction.

The Epcam+ epithelial fraction exhibited expression of typical markers of differen-

tiated airway and alveolar epithelial cells and consisted of small airway bronchial ep-

ithelial cells as well as type I and type II AECs. Quantitative polymerase chain re-
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action (qPCR) showed an upregulation of adult lung differentiated cell type markers

over the BALO development time including Hopx and Sftpc for AEC type I and II,

respectively and further Foxj1, Muc5ac and p63 for ciliated, goblet and basal cells, re-

spectively, confirming the computational analysis results. Electron microscopy further

showed that a single layer of epithelial cells lined the BALO’s alveoli. The cells also

exhibited various characteristics of mature type II AECs such as interconnection via

tight junctions, lamellar bodies and abundant mitochondria. BALO regions resembling

bronchioalveolar duct junctions contained bronchial and intermediate cell types lead-

ing into alveolar-like regions that contain AEC type I cells. Regions resembling airway

tubes, on the other hand, contained different phenotypes, ranging from undifferenti-

ated epithelial cells to ciliated airway cells that were also interconnected by junctional

complexes at their apical surfaces. Using LysoTracker and LipidTOX, which accumu-

lates in lamellar bodies and phospholipids, respectively, surfactant production within

the BALO was confirmed with lamellar bodies and phospholipids appearing in the

alveolar-like regions as expected. Surfactant production has additionally been verified

using Western Blot analysis. A more detailed analysis of the distal alveoli structures

revealed a decrease in the mean diameter by 23% between days 15 and 21 and a fur-

ther decrease by 13% between days 21 and 30. On the other hand, the mean number of

alveolar-like regions in the BALO showed a threefold increase between days 15 and 30.

These results both resemble a previous analysis of murine lung alveoli development

[205]. After 40 days of development, BALOs presented an even further differentiated

state with alveolar-like structures filled with lamellar surfactant including thin, elon-

gated type I AEC that integrate cuboidal type II AEC joined through tight junctions.

The airway-like structures on the other hand, formed a pseudostratified epithelium

which includes basal cells, differentiated secretory cells containing secretory granules

and ciliated cells including mature cilia and basal bodies.

After the epithelial compartment has been characterized, the mesenchymal compart-

ment comprising the Epcam- cell fraction was analyzed as well. As previously men-

tioned, Epcam-Sca-1+ rMC are important for BALO formation. Furthermore, a previous
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analysis identified rMC as a heterogenous population which included progenitors of

myofibroblast and lipofibroblast cells. Microscopic analysis of BALO cultures identified

at least two distinct fibroblast cell types, with one population containing lipofibroblast

characteristic lipid bodies, identified using LipidTOX, and the other population con-

taning myofibroblast characteristic spindle-shaped cells that were alpha-smooth mus-

cle actin-positive and exhibited elongated cellular extensions. Furthermore, differen-

tial expression of PDGFRA and alpha-smooth muscle actin was previously described

as characteristics of myofibroblast and lipofibroblast cells [202]. These morphologi-

cal findings were in line with myofibroblast (C3) and lipofibroblast (C4) cell clusters

identified in the computational analysis of the BALO single cell data. Genes identi-

fied upregulated within these clusters such as Fgf10, PDGFRA, Tagln, Acta2 and Eln

were previously associatead with myofibroblast and lipofibroblast phenotypes. Fur-

thermore, expression lipofibroblast-associated genes such as Apoe, Serpina3n, Gsn and

Gas6 and the myofibroblast-associated gene Axin2 was identified. Also, the observed

higher expression of PDGFRA in myofibroblast compared to lipofibroblast matched

previous findings of BALO-based mesenchymal cell subsets [202]. Similar to the ep-

ithelial BALO cell development, the mesenchymal compartment showed a structure

matching murine lung development. Using LipidTOX, lipid-droplet containing lipofi-

broblast cells were detected to be located around developing BALOs which matches

their role of promoting epithelial growth and AEC type II differentiation as well as

their location in close proximity to alveolar epithelium in murine lung development

[206]. Myofibroblasts were observed to be located at branching sites in the BALO cen-

ter, which is in line with their role of generating an extracellular matrix in the neonatal

lung to provide a scaffold for alveolar development [207].

In general, the observations confirmed the presence of myofibroblast and lipofibrob-

last subsets with different levels of PDGFRA expression and spatial localization around

alveolar-like structures. Together with the identified phenotype of epithelial BALO

compartments, the definitions for organoids were matched [208]. This included com-

position of multiple organ-specific cell types, exhibition of organ-specific features, e.g.
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secretion of pulmonary surfactant by AEC type II-like cells and finally a spatially re-

stricted cellular organization leading to airway- and alveolar-like compartments in-

cluding a proximo-distal distribution.

Even though the previous analyses gave proof that BALOs comprise epithelial and

mesenchymal lung cell types and resembles lung structures, immune cells - tissue-

resident yolk sac-derived alveolar macrophages (TR-Mac) - were still missing. How-

ever, these are crucial to study cellular processes in lung development, homeostasis,

disease and following tissue regeneration [209]. In order to overcome this limitation,

TR-Mac were isolated from murine bronchioalveolar lung fluid samples collected from

td-Tomato-expressing adult mice. Collected cells were checked for surface antigen sig-

nature using FACS and were subsequently microinjected into central regions of 14 day

old BALOs. Analysis 10 days post injection detected more than 80% of inserted TR-Mac

with a viability of 87%. Further, the TR-Mac phenotype was detected 14 days post injec-

tion in the alveolar niche by positive staining of alveolar macrophage surface markers

CD206 and Siglec-F and microscopy analysis 28 days post injection still showed a suc-

cessful engraftment of TR-Mac into the alveolar-like regions. In addition to the engraft-

ment, a direct interaction between TR-Mac and AEC based direct filopodia contact was

observed using electron microscopy. Furthermore, staining of TR-Mac enriched BALOs

revealed expression of the tight junction molecule connexin Cx43 within alveolar-like

regions which is in line with a previous study showing the role of Cx43 in TR-Mac AEC

interaction [210]. This result was further underlined by staining TR-Mac mono-cultures

without BALO which showed no signs of Cx43 expression.

In order to evaluate a possible effect of TR-Mac addition on composition and differ-

entiation of epithelial BALO cells, single cell RNA-seq of 23 days old BALOs 9 days

post infection was performed. For this, a total of six BALO samples were generated

with three samples representing TR-Mac enriched BALO cultures ’CM1’, ’CM2’, ’CM3’

and three samples representing BALO culture without macrophage enhancement C1,

C2, C3, respectively. The samples were processed in a similar way as the previous

BALO samples using the droplet-based ddSEQ single cell isolator system followed by
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Table 3: Read metrics of ddSEQ-based single cell sequencing of mouse lung organoids with and with-

out TR-Mac enrichment. The data set consists of six total samples with three samples ’C1’, ’C2’

and ’C3’ representing BALO cultures without added TR-Mac and three samples ’CM1’, ’CM2’ and

’CM3’ representing TR-Mac enriched BALO cultures. Kp = Knee plot.

Sample Reads total Reads valid Barcodes Predicted cells (Kp)

C1 45,058,963 36,399,437 275,807 192

C2 51,008,862 35,245,120 303,402 143

C3 70,465,453 45,118,236 312,667 100

CM1 60,209,430 37,250,287 213,393 117

CM2 39,059,038 26,842,413 222,094 135

CM3 56,048,146 31,567,714 238,934 194

sequencing with the Illumina NextSeq 500. Also pre-processing of the data was similar

as described above with results shown in table 3.

Due to the low yield and in order to better compare the two conditions, samples were

combined for TR-Mac enriched BALO and BALO mono culture. Similar to the first data

set, downstream analysis was mostly based on using the Seurat R package. However,

the analysis had to be modified and extended in order to integrate both conditions into

the analysis. This was important as compared to bulk sequencing, the data needed to

be clustered based on similar subpopulations first to enable detection of gene expres-

sion within the same cell type between conditions. This required a different approach,

as typical bulk batch correction methods assume uniform effects on all cells based on

confounding variables in different conditions. Another issue could have been differ-

ences in cellular density across conditions. Therefore, a so-called CCA implemented in

Seurat was used to integrate both conditions into one data set. Essentially CCA aims to

identify linear combinations across different data sets such as multiple covariance ma-

trices that provide the highest correlation, thus detecting shared correlation structures

between data sets.
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Table 4: Identified marker genes and according cell types of BALO data sets with and without TR-Mac

enrichment

Cluster Marker genes Assigned cell type

C1 Scgb3a2, Muc5b, Bpifa1 Club/Secretory airway

C2 Krt5, Krt14, Aqp3, Trp63 Basal airway

C3 Col1a2, Igfbp4, Apoe rMC

C4 Sftpc, Cxcl15, Sftpb AEC type II

C5 Hopx, Ager, Cldn18 AEC type I

C6 Foxj1, Tppp3, Lrrc23 Ciliatead airway

In this case, each data set is treated as measurement of a gene to gene covariance

structure with the aim to identify patterns common across the data sets.

For this, genes with high variation in at least one data set are selected and used to

identify basis vectors to project cells from each data set into a low-dimensional space

with the aim to achieve a maximized correlation of variation among the vectors be-

tween data sets. These basis vectors can be seen as sort of metagene, representing a

weighted expression average based on the expression of the top genes that showed a ro-

bust correlation with the basis vector. Each pair of vectors is then linearly transformed

to account for global shifts in feature scale, and subsequently non-linearly transformed

to account for shifts in subpopulation density. As a result, a single and aligned low

dimensional space is defined which represents all data sets and can be used for fur-

ther downstream analysis such as clustering. For this, canonical marker genes - marker

genes conserved across conditions - are identified based on differential gene expression

testing for each dataset and combination of the p-values.

Analysis of the data set resulted in a total of six cellular clusters named ’C1’ to ’C6.

Based on identified marker genes, clusters were assigned to be club/secretory cells

(C1), rMC (C2), basal airway cells (C3), AEC type II (C4), AEC type I and ciliated air-

way cells (C6) (Table 4, Fig. 32A and B). Following the identification of genes con-

served across the conditions, the was further analyzed for genes showing a differential
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expression between conditions to identify possible effects of TR-Mac addition to the

BALOs. This revealed that engraftment of TR-Mac correlated with downregulation of

genes related to cell proliferation such as Fos, Fosb, Areg and Klf4 (Fig. 32 C) as well as

genes associated with inflammatory processes and cellular stress such as Erg1 and Atf3

(Fig. 32C). On the other hand, enriched BALOs cultures showed an upregulation of

genes associated with cell differentiation such as Neat1 (Fig. 32C) and genes related to

club/secretory cell maturation such as Cyp2f2 and Ces1d (Fig. 32 C). This result was in

line with the observed significantly higher percentage of terminally differentiated ep-

ithelial cells, including type I AEC and ciliated airway cells. Thus, presence of TR-Mac

in BALO seemed to increase epithelial differentiation and simultaneously decrease cell

proliferation and stress signaling, which ultimately resulted in an accelerated BALO

maturation exhibiting functions relevant for lung homeostasis.
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Figure 32: Downstream analysis results of TR-Mac enriched and non-enriched BALO single cell data

sets. Enriched samples CM1, CM2 and CM3 were combined into on sample as well as C1, C2

and C3. Both conditions were integrated using Seurat’s CCA approach. A) Heat map provid-

ing an overview of the detected clusters, conserved marker genes and assigned cell clusters.

Combined TR-Mac enriched BALO sample marked as ’+’ and combined non-enriched sample

marked as ’-’. B) t-SNE plot with the six distinct clusters. C) Dot plot of genes differentially

expressed in Cluster ’C1’ between conditions TR-Mac enriched ’+’ and non-enriched ’-’. Dot

size shows the percentage of cells within the cluster expressing the gene, expression level is in-

dicated by color. All figures were published in Vazquez-Armendariz et al. 2020 [195]

144



4 Results and practical application

Following the detailed and in silico single cell-aided characterization of the cellular

and structural composition, BALOs were further analyzed in two additional biolog-

ical experiments. The first experiment was aimed at demonstrating the usability of

BALO for genetic manipulation experiments. Therefore, the knockdown of miRNA

142-3p was targeted, which controls WNT-dependent mesenchymal progenitor cell

proliferation during murine lung development [211]. Knockdown was performed by

repetitively applying a miRNA 142-3p-specific morpholino antisense oligonucleotide

(mo142-3p) to six day old BALO cultures for five days. Using qPCR, knockdown

of miRNA 142-3p by mo142-3p in Epcam+ epithelial and Epcam-Sca1+ mesenchymal

cells was confirmed. While cell viability was not affected compared to scrambled mor-

pholino control samples, organoid growth showed a significant decrease in knockdown

samples without effect on colony-forming. Furthermore, knockdown samples revealed

an upregulated gene expression of Apc which is known to be regulated by miRNA

142-3p. Using β-galactosidase-sensitive reporter BASCs and rMC, WNT signaling was

observed in both mesenchymal and epithelial lung cells during BALO growth. Ulti-

mately, mo142-3p-treated organoids were observed to be significantly smaller, showed

impaired secondary branching and suffered a significant reduction of type II AEC and

club cell numbers. These results were in line with previously observed in vivo loss-of-

function experiments targeting miRNA 142-3p [211], thus demonstrating a usability of

BALO as a possible platform to study effects of genetic manipulation on developmental

pathways and their role in morphogenesis and regeneration following injury.

The second experiment aimed at demonstrating the usability of BALO for disease

modeling. For this, H1N1 and H7H7 IAV reporter viruses [212] were injected into

BALO central airway-like structures to model the typical in vivo proximal-to-distal ep-

ithelial infection. This resulted in a viral infection spreading towards the distal alveolar-

like regions observed within 12 hours post infection (pi) as well as release of infectious

virions detected 48 hours pi by plaque assay. Infection was further confirmed in ap-

proximately 8% of Epcam+ BALO epithelial cells by detection of H1N1 viral nucleopro-

tein expression using qPCR. Combination of reporter virus strains and reporter mice
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cells-derived BALOs enabled live cell imaging which revealed viral infection spreading

to adjacent cells between 10 and 26 hours pi and a significant cell death in alveolar-like

regions 25 hours pi following their infected 14 hours pi. Finally, host response was eval-

uated using qPCR showing a significant upregulation of interferon-beta expression in

IAV-infected epithelial BALO cells. This was further evaluted by TR-Mac enrichment

of BALOs 48 hours pi modelling in vivo macrophage-epithelial interaction. As a result,

an increased release of pro-inflammatory cytokines such as TNF-α, IL-6 and IL-1β com-

pared to non-enriched BALOs was observed. In summary, these results demonstrated

successful IAV infection, spread and antiviral response of BALO.

4.1.2 Comparison of bioinformatic analysis of Mus musculus bronchioalveolar lung

organoids and WASP

Analysis of BALO single cell data required a variety of different processing steps, sep-

arated generally into pre-processing and downstream analysis. In the beginning, both

analysis parts were separated into multiple steps as tools needed to be evaluated first,

data needed to be transformed to be compatible with different tools or analysis steps,

and required resources changed. Also mentioned before, this resulted in a number of

optimization iterations such as moving the demultiplexing step to the end to speed

up the analysis. Following the establishment of a tailored workflow for the data set,

the focus was placed on simplified execution and easy reproducibility. Therefore, the

pre-processing was turned into a Snakemake workflow to reduce the complexity of run-

ning data analysis and resource allocation. Downstream analysis was turned into an R

script combining a variety of packages and analysis steps. Furthermore, the workflow

was generalized for compatibility with different platforms, e.g. by adding support for

different barcode and UMI schemata from different manufacturers. Finally, the work-

flow was combined with R Shiny as the software WASP to provide a low entrance bar-

rier and to enable single cell analysis for researchers without bioinformatic knowledge.

Thus, the analysis of BALO simultaneously led to the development of WASP, described

extensively in chapter 3.1.
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The analysis results generated with WASP were then compared with the published

and reviewed BALO data [195] described in chapter 4.1. For this, data from ’ddSeq5’

was exemplary processed with WASP’s pre-processing Snakemake workflow, barcodes

selected and downstream analysis performed using WASP’s Shiny web application.

The analysis was performed using the automatic mode of WASP in which the soft-

ware autonomously selects cutoff and parameter values. While providing a variety

of additional visualization possibilities (Chapter 3.1.3), for comparison similar plots as

in chapter 4.1 were generated with WASP. Similar to the manual BALO analysis before

(Fig. 33A, C), WASP also detected four distinct clusters (Fig. 33B, D). Analysis of marker

genes and cell type specific genes revealed the same cellular identities with expression

patterns matching airway epithelial cells (Cluster 1 WASP, C1 Vazquez-Armendariz et

al. 2020 [195]), alveolar epithelial cells (Cluster 3 WASP, C2 Vazquez-Armendariz et al.

2020 [195] ), myofibroblasts (Cluster 2 WASP, C3 Vazquez-Armendariz et al. 2020 [195])

and lipofibroblasts (Cluster 4 WASP, C4 Vazquez-Armendariz et al. 2020 [195]) (Fig. 33).

In addition to the summarized results, each of the four detected clusters was evalu-

ated with cell type-associated markers used in the previous analysis of ’ddSeq5’. Re-

sults for all four assigned cellular identities: airway (Fig. 34), alveolar (Fig. 35), lipofi-

broblast (Fig. 36) and myofibroblaste (Fig. 37) showed a similar pattern in cluster-

specific gene expression including similar log2fold change values. Expression of the

lipofibroblast-associated gene Apoe appeared in WASP also in cluster 3, which seemed

noticeable compared to the analysis in Vazquez-Armendariz et al. 2020 [195]. However,

the manual analysis results were limited to the two fibroblast-like cellular clusters for

sake of an easier interpretation, while the WASP analysis showed expression across all

clusters. Furthermore, expression of Apoe is generally known to also appear in type I

and type II AECs [213]. In summary, the WASP analysis is in line with results experi-

mentally previously generated and validated in Vazquez-Armendariz et al. 2020 [195],

confirming applicability of WASP as an analysis platform for single cell RNA-seq data.
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Figure 33: Comparison of manual and WASP analysis of single cell BALO data set ’ddSeq5’. A) Man-

ual analysis heat map providing an overview of the detected clusters C1, C2, C3 and C4 with

log2fold change expression values of cell type specific marker genes. Selected parameters and

cutoff values are shown on the right side. B) WASP-generated heat map providing an overview

of the detected clusters 1, 2, 3 and 4 with log2fold change expression values of cluster-specific

upregulated genes. C) Manual analysis t-SNE plot with four distinct clusters. D) WASP-

generated t-SNE plot with four distinct clusters. Selected parameters and cutoff values are

shown on the right side. A) and C) were published in Vazquez-Armendariz et al. 2020 [195]
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Figure 34: Comparison of manual and WASP analysis of airway-like cluster from single cell BALO data

set ’ddSeq5’. A) WASP-generated violin plots with log2fold change values showing expression

of airway-associated genes. Selected parameters and cutoff values are shown on the right side.

B) Manual analysis violin plots with log2fold change values showing expression of the same

airway-associated genes. B) was published in Vazquez-Armendariz et al. 2020 [195]
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Figure 35: Comparison of manual and WASP analysis of alveolar-like cluster from single cell BALO

data set ’ddSeq5’. A) WASP-generated violin plots with log2fold change values showing ex-

pression of alveolar-associated genes. Selected parameters and cutoff values are shown on the

right side. B) Manual analysis violin plots with log2fold change values showing expression of

the same alveolar-associated genes. B) was published in Vazquez-Armendariz et al. 2020 [195]
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Figure 36: Comparison of manual and WASP analysis of lipofibroblast-like cluster from single cell

BALO data set ’ddSeq5’. A) WASP-generated violin plots with log2fold change values show-

ing expression of lipofibroblast-associated genes. B) Manual analysis violin plots with log2fold

change values showing expression of the same lipofibroblast-associated genes. Selected param-

eters and cutoff values are shown on the right side. B) was published in Vazquez-Armendariz

et al. 2020 [195]
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Figure 37: Comparison of manual and WASP analysis of myofibroblast-like cluster from single cell

BALO data set ’ddSeq5’. A) WASP generated violin plots with log2fold change values show-

ing expression of myofibroblast-associated genes. B) Manual analysis violin plots with log2fold

change values showing expression of the same myofibroblast-associated genes. Selected param-

eters and cutoff values are shown on the right side. B) was published in Vazquez-Armendariz

et al. 2020 [195]
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4.2 Single cell analysis of Mycobacterium tuberculosis-infected Galleria

melonella larvae

Pulmonary diseases prove to be a drastic burden for global health, highlighting the

need for research in this field. While the COVID-19 pandemic has drastically under-

lined the significance of this topic and sent the world into a pandemic state, other dis-

eases, especially bacterial-borne, targeting the respiratory tract have moved into the

background. However tuberculosis, - an airborne communicable disease caused by

Mycobacterium tuberculosis - is among the leading global causes of death [214]. Until the

COVID-19 pandemic, tuberculosis was the leading cause of death induced by a single

infectious agent, causing twice as many deaths as the human immunodeficiency virus

(HIV) and the resulting acquired immunodeficiency disease (AIDS) [214]. First identi-

fication of M. tuberculosis was performed by Robert Koch in 1884 and together with its

related disease, remains to be a global research concern until today [215]. Estimations

suggest that around a quarter of the global population has been infected [216] with M.

tuberculosis with approximately 5% of patients developing an active disease within the

first two years post infection [217]. However, some persons may develop an active in-

fection even years later, suggesting that some infected patients are at a lifetime risk of

developing the disease [218]. Although first drug treatments have been available since

the 1950s, especially less developed countries still struggle with diagnosis and avail-

ability of treatment options [214] while also suffering from the highest incidence rates

[214] (Fig. 38). However, untreated smear-positive tuberculosis patients, showing visi-

ble bacteria in a stained sputum sample, indicating a high bacterial load, have a death

rate of approximately 70% and also smear-negative, but culture-positive patients still

exhibit a death rate of around 20% [219]. Adding to that challenge is that successful

treatment requires patients taking a combination of multiple antibiotic drugs over a pe-

riod of typically at least six months following a strict schedule [220]. Furthermore, ap-

pearance of multi-resistance tuberculosis strains increases the global health risk while

also increasing the economic burden of the disease with the cost corresponding to 0.52%
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of the global gross national product and resulting in over 500 million Euros per year in

the European Union [221] [222] [223].

Figure 38: Estimated global tuberculosis incidence rate according to the World Health Organization

(WHO). This figure was originally published in the Global tuberculosis report 2023 by the WHO

[214] and is licensed under CC BY-NC- SA 3.0 IG.

Hence, there is a great need for research to achieve a deeper understanding of the

tuberculosis disease and to develop novel approaches in vaccinations, diagnosis and

treatments. This is also crucial to meet the aims of the WHO-initiated end tuberculosis

strategy, targeting a 95% reduction of tuberculosis deaths and 90% reduction of tuber-

culosis incidence rate compared to 2015, respectively [214]. Efficient research, however,

does require suitable infection models which currently come with a variety of limita-

tions regarding biological mimicking of the disease, such as non-occurrence of gran-

uloma and lung cavitation in Mus musculus, which is a characteristic for tuberculosis

transmission in humans. Additional restrictions may include cost, space, and regula-

tions for acquisition and housing of animals. Although lung organoids are emerging as

a possible future infection model, replication of Mycobacterium tuberculosis provides a
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hurdle, as this is located in the alveolar part of the lung, and human-based lung organ-

oids are currently limited by absence of pneumocytes [224]. Furthermore, successful

introduction of macrophages to human organoids, similar to the TR-Mac enrichment

of murine organoids described in section 4.1 [195], would be necessary for a more com-

plete tuberculosis infection modeling [224]. In order to overcome this bottleneck, ad-

ditional organisms have been researched regarding their potential to serve as model

organism with the larvae of the greater wax moth Galleria melonella turning out to be

a very promising alternative. Previously, Galleria has already been used as an infec-

tion model for over 65 different strains of bacteria and fungi [225], [226]. The recently

started use of G. melonella as infection model is based on a variety of advantages:

1. Complex immune system with haemocytes (phagocytic cells) resembling the func-

tion of mammalian neutrophils and macrophages

2. Incubation at 37 °C

3. Simple housing without need of specialized maintenance or equipment

4. Infection via injection enables precise dosing

5. No ethical approval required as for mammalian organisms such as mouse or non-

human primate animals

6. Fast experimental data generation due to short lifespan

In summary, G. melonella represents a cost-effective and easy to care organism with

potential as a model system. A bottleneck in this regard, however is the currently

limited availability of immunological and molecular methods for analysis of infection-

response. To overcome these limitations, Masanori Asai et al. established a variety

of Galleria infection models for the Myocbacterium tuberculosis complex, with the first

one employing a luminescent reporter vaccine strain of Mycobacterium bovis Bacillus

Calmette-Guérin (BCG) as surrogate for Mycobacterium tuberculosis [227]. Further ap-

proaches focused on applying the widely used virulent Mycobacterium tuberculosis H37rv
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reference strain, first as attenuated double-auxotroph ∆leuD∆panCD mutant [228], be-

ing unable to replicate without supplementation of panthothenate and leucine [228],

and subsequently the wild type H37rv strain [229]. M. bovis BCG exhibits a genetic sim-

ilarity of more than 99.9 % with M. tuberculosis [230] and is in compliance with biosafety

level 2 standards, enabling research without these specialized facilities [230]. Reduced

biosafety level requirements also applied to the double-attenuated H37rv strain, while

H37rv wild type is limited to research in biosafety level 3 and above facilities [228],

[230], thus complicating research efforts. Further studies of the models provided promis-

ing results, such as development of Granuloma-like structures during active tuberculo-

sis infection, which resembles a crucial aspect of the disease, virulence differentiation

between different Mycobacterium species, and the opportunity of using G. melonella for

antimicrobial drug screening [229]. However, to classify results in relation to other

model organisms and further validate the models, a deeper understanding of G. mel-

onella’s immune response is necessary. This includes detection of expression of inflam-

matory marker genes, necrosis-related marker genes and phagocytic receptor genes on

hemocytes, which are involved in developing Granuloma-like structures [229]. In order

to further characterize the immune response of Galleria, a single cell RNA-seq experi-

ment, involving the double-auxotroph ∆leuD∆panCD M. tuberculosis H37rv variant,

was conducted by M. Asai et al., Imperial College London. Following the current anal-

ysis, results of the data generated using WASP and R are presented. Furthermore, a

manuscript including all results is currently in preparation.

The experiment was performed with three treatment conditions of Galleria melonella -

uninfected, 2 days pi and 7 days pi. Larvae from each condition were processed using

the Scipio Asteria single cell protocol (section 3.1.1, Fig. 19, [32]) and sequenced using

an Illumina NextSeq 2000 with samples for each condition distributed over two lanes.

The raw sequencing FASTQ files were then pre-processed using WASP with results

shown in Table 5.

Using the WASP pre-processing Shiny application, a gene expression matrix was gen-

erated for each lane. Based on capture rates provided by Scipio, the number of barcodes
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Table 5: Read metrics of Galleria melonella single cell data set over three different conditions. The data

set consists of six total samples separated into three conditions ’Uninfected’ and two different

Mycobacterium tuberculosis-infected time points ’2 days pi’ and ’7 days pi’. For each condition, the

sample is distributed over two lanes due to sequencing limitations. As the Scipio Asteria protocol

does not provide a barcode whitelist, no removal of invalid barcodes was performed. Instead each

read was processed according to the barcode and UMI scheme shown in Fig. 19 and reads sharing

the same barcode sequence were combined.

Sample Reads total Barcodes total

Uninfected L1 223,131,9443 3,305,411

Uninfected L2 199,725,363 2,977,764

2 days pi L1 214,004,026 3,256,109

2 days pi L2 192,197,288 2,909,947

7 days pi L1 98,667,688 2,972,186

7 days pi L2 90,762,880 2,661,328

was selected accordingly, resulting in 3,750 cells per condition and gene expression ma-

trices for each condition merged into a single matrix over all samples. Additionally,

a meta data CSV file was generated, combining barcode sequence and correspond-

ing conditions. The resulting matrix and the meta data sheet was then uploaded to

the WASP downstream Shiny application and processed using the automatic analysis

mode; chosen parameters are shown in Fig. 39. As a result, 13 clusters have been de-

tected across all conditions. As was clearly observed within the UMAP plot, clusters

belonging to the same time point seem to be located closer to each other (Fig. 39).
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Figure 39: WASP clustering of Galleria melonella single cell data set. The visualization shows a UMAP

plot of the clustering analysis of all conditions (’Uninfected’, ’2 days pi and 7 days pi) of the Gal-

leria data set. Conditions are further visualized with different symbols: ’Uninfected’ = Square,

’2 days pi’ = dot, ’7 days pi = Triangle. Therefore, diversity in the data seemed to be mostly

driven by condition. The table on the right provides parameters selected in WASPs automatic

mode. Hoek A. & Asai M., et al., in preparation.

Hence, different conditions seemed to be the largest driver for difference in the data.

Although this might not seem surprising, this was a problem in regard to e.g. identifi-

cation of possible cell types, their according biological meaning, and effects occurring

within this cell type across conditions. Therefore, integration of different conditions

was necessary to enable further analysis which was performed using the R package

Harmony. While the general aim is similar to the previously used Seurat CCA, Har-

mony, which was published a few years later than Seurat, provides overall comparable

results while showing a more efficient analysis for larger data sets in regards to CPU

and RAM usage. Furthermore, a previous study analyzing a similar composed sin-

gle cell data set of Drosophila melanogaster described a successful integration based on

Harmony. Integration with Harmony begins by calculating a low-dimensional PCA-

based embedding, which is used to group cells into multi-data set clusters. Following,

so-called soft or fuzzy clusters are defined, enabling assignment of a cell to multiple po-

tential clusters. In the next step, a Harmony-specific modified ’soft’ k-means algorithm

is applied, which favors clusters exhibiting a composition of cells belonging to multiple
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data sets. Additionally, clusters comprising a disproportionate composition are penal-

ized. Following the clustering, cluster-specific centroids are defined for each data set,

that are then used to calculate cluster-specific linear correction factors. These correction

factors are then applied as cluster-weighted average, resulting in a unique correction

factor for each cell moving the cell to one or multiple clusters. Similar to the ’normal’

k-means, this process is iterated multiple times until a stable cluster assignment has

been achieved [74].

As shown in Fig. 40, integration of the Galleria data set was performed successfully

using Harmony. Composition of the data set now exhibits a more equal distribution

across different conditions, enabling a characterization of cluster identities.

Figure 40: PCA plot showing Galleria melonella data sets after integration of different conditions us-

ing Harmony. A) Before Harmony integration. B) After Harmony integration. Manuscript in

preparation.
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As an advantage, Harmony can directly be integrated within a Seurat analysis, en-

abling a subsequent usage of Harmony-corrected Seurat objects in R without the need

of further modification or transition of the data. Therefore, and similar to the WASP

workflow, the corrected data was clustered with a resolution value of 0.25 resulting

in a total of 11 clusters and enabled detection of associated up- and downregulated

marker genes. As a first result, two genes of interest were identified, LOC113516725

(Hdd11) and LOC113513798 (Croquemort-like), genes associated with a defense pro-

tein involved in formation of Granuloma-like structures [230] and a hemocyte receptor

recognizing apoptotic cells [231], respectively. Using the Seurat-based co-expression

visualization in WASP, an overall distinct expression of the two genes was observed,

which was in line with expectations that cells do not co-express both genes simultane-

ously. Based on these results, probes for a validation via RNA-Fluorescence in situ hy-

bridization (FISH) were designed. RNA-FISH describes usage of a fluorescently tagged

single-stranded RNA fragment consisting of a short sequence complementary to a tar-

get RNA [232]. Thus, using the bound FISH probe, localization of target e.g. mRNAs

can be performed using fluorescent microscopy. Analysis of the experiment can be seen

in Fig. 41 and was consistent with the results from WASP’s co-expression analysis (Fig.

42).
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Figure 41: RNA-FISH analysis of Galleria melonella. Fluorescence probes marking LOC113516725

(Hdd11) in orange and LOC113513798 (Croquemort-like) in green. Cells were stained using

4’,6-Diamidin-2-phenylindol (DAPI, blue). In line with in silico results, cells express exclusively

Hdd11 or Croquemort. Image generated and provided by Masanori Asai. Manuscript in prepa-

ration.

Figure 42: Co-Expression plot from WASP showing with LOC113516725 (Hdd11) and LOC113513798

(Croquemort-like). The plot on the left side shows a UMAP representation of all conditions

from the Galleria data set. Expression of LOC113516725 (Hdd11) is shown shown in green,

expression of LOC113513798 (Croquemort-like) is shown in blue and expressing of both genes

within one cell is marked in turquoise. Manuscript in preparation.
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However, a challenge in regard of further cluster identification is the less extensive

genomic annotation of Galleria melonella compared to more commonly used model or-

ganisms such as Mus musculus or Drosophila melanogaster.

Therefore, an additional Gene Ontology (GO) term enrichment analysis will be per-

formed using the extracted marker genes from each detected cluster. This will enable

to combine identified genes to characterize biological functions for each cluster and

also allows to include homologous genes with similar function in additional organ-

isms. Also, identification of which genes are the largest drivers of the proposed biolog-

ical functions will be helpful as a starting point for future investigations utilizing, for

example, G. melonella knockout mutants.

4.3 Demonstration of the WASP integration within openBIS

In order to facilitate data storage with simple and FAIR data analysis, the WASP plat-

form was planned to be integrated into the openBIS data management system with the

KFO309 as an exemplary beneficiary. The actual implementation is comprehensively

described in section 3.2.1. While the successful analysis of BioRad-based data has al-

ready been shown in section 4.1.2, WASP has also been extended for additional proto-

cols including the popular 10x platform, which was also increasingly used within the

KFO. Therefore, a 10x-based data set ’PMBC 1k v3’ was selected to be used for demon-

stration of WASPs openBIS integration, to also show a successful pre-processing of this

specific barcode UMI scheme. The data set itself is used in various single cell workflow

examples, is publicly provided by 10x and contains human peripheral blood mononu-

clear cells. Cells were analyzed with the 10x v3 protocol resulting in two FASTQ files

including 167,543,760 and 172,740,011 reads, respectively.

For the purpose of visualizing the interaction with openBIS, this chapter shows im-

ages of web browser screenshots that have been cropped for a better visualization of the

respective page. openBIS was accessed via the Liferay frontend using a web browser,

(section 1.6.1, Fig. 43). At first, a new project was created within the KFO openBIS

instance, requiring further information such as a project name, involved investigators
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and a project description (Fig. 44). This then enabled the creation of a new experiment,

which is used to store experimental data such as the sample FASTQ reads. Project

and experiment creation were guided by the ’Project Wizard’ and ’Experiment Wiz-

ard’ portlets described in section 1.6.1 (Fig. 44, 45). Upon entering all necessary data

set information, the experiment and described samples were successfully registered

within openBIS (Fig. 45). Following the registration, the project was now accessible

via the ’Project Manager’ portlet (Fig. 46). Now, the raw FASTQ files were uploaded

under ’Samples’ tab (Fig. 47), which provides a detailed overview of uploaded data

in combination with information previously entered during experiment creation(Fig.

48). Furthermore, a corresponding reference genome and annotation were uploaded as

’Project Related Data’ (Fig. 49). As all required data was now uploaded to the experi-

ment, the WASP pre-processing analysis was ready to be executed via the ’Workflows’

tab. For the analysis, all uploaded data was selected, the 10x protocol selected and a

job name provided, enabling monitoring the analysis progress (Fig. 50). After the anal-

ysis was performed, information about the workflow and resulting files were accessed

via the ’Steps’ tab (Fig. 51). With the successful workflow execution, the Snakemake-

based WASP analysis pipeline was executed, thus reads were quality checked, mapped

to the reference genome, feature checked, demultiplexed based on barcodes and UMIs

counted. Therefore, openBIS provided a GUI access to the previously CLI-restricted

workflow.
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Figure 43: openBIS KFO landing page. The starting page of the openBIS KFO site based on the Liferay

frontend. The red square marks menu points including the ’Project Wizard’ (red arrow) and the

’Project Manager’ portlets. Selecting ’Create Project’ initiates creation of a new project with the

user being guided through the ’Project Wizard’.

Figure 44: openBIS Project Wizard. Example image of the ’Project Wizard’-guided project creation.

Mandatory inputs are marked with a red asterisk. Upon project creation, the ’Experiment Wiz-

ard’ is started.
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Figure 45: openBIS Experiment Wizard. Example image of the ’Experiment Wizard’-guided experiment

creation. Upon entering all necessary information, the experiment is registered within openBIS,

enabling a subsequent data upload.

Figure 46: openBIS KFO landing page. The starting page of the openBIS KFO site based on the Liferay

frontend. The red square marks menu points including the ’Project Wizard’ and the ’Project

Manager’ (red arrow) portlets. Selecting ’Project Manager’ enables navigation through previ-

ously created projects for data upload, workflow execution, and analysis result visualization.
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Figure 47: openBIS KFO experiment sample page during upload. The ’Sample’ menu guides the user

to an overview of all samples uploaded within the experiment. Furthermore, openBIS enables

a simple data upload by drag and drop of files into the web browser triggering an overlay

window showing the current upload progress.

Figure 48: openBIS KFO experiment sample page summarizing uploaded data. Upon successful upload-

ing of data (Fig. 47), the ’Sample’ tab provides a detailed overview of uploaded data, based on

information entered during experiment creation (Fig. 45).

166



4 Results and practical application

Figure 49: openBIS KFO experiment upload of project-related data. In addition to the sample data, users

can further upload project-related data such as reference genomes and corresponding annota-

tions.

Figure 50: openBIS KFO experiment workflow selection. Using the ’Workflow’ tab, users are able to

select workflows to be run with their uploaded data. Depending on the selected workflow,

additional parameters might be required, such as the used single cell protocol in case of WASP.

Further, different versions of the workflow can be selected, e.g. for reproducibility. Also, users

can select which data should be included for analysis by selecting the check mark for uploaded

data in the bottom menu, enabling to perform analysis also with subsets.
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Figure 51: openBIS KFO WASP analysis summary. Using the ’Steps’ tab, users are provided with an

overview of previously performed steps within this experiment. The WASP subsection provides

information such as runtime and workflow status for the WASP pre-processing Snakemake

pipeline on the left side. Analysis result files can be accessed on the right side enabling to

further run an interactive WASP session outside of openBIS.

However, as mentioned in section 3.2.1, further analysis steps require step-by-step

interaction with generated data, which is provided via WASP’s Shiny applications. As

openBIS currently does not support Shiny applications, this is achieved by uploading

the data with a unique ID at the end of the pre-processing workflow to the de.NBI S3

storage and providing interactive WASP sessions. For this, a WASP Docker container is

executed in a VM which automatically accesses uploaded data using a custom server,

described extensively in chapter 3.2.1. In order to keep this process as simple as pos-

sible for the user, the pre-processing workflow generates an HTML file which contains

the corresponding data set ID and re-directs the user inside the web browser to an in-

teractive WASP session. This HTML document was accessed in the ’Workflow Results

Files’ leading to a loading animation. Due to network latencies and data set size, the

redirect failed in some cases which was solved by adding a waiting time of 15 seconds

to provide enough time for the container to start and retrieve the data set (Fig. 53).

Finally, the interactive WASP Shiny GUI was presented, providing a detailed overview
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of the data set and enabling further analysis of the data set in the web browser (Fig. 53),

similar as described in section (3.1.2).

Figure 52: WASP session loading screen. Upon selecting WASP results HTML file within openBIS, the

user is redirected inside the browser window to an interactive WASP session running on a VM

in the de.NBI cloud. Users are presented with this loading screen first to provide enough time

and account for network latencies for the WASP session to be initiated.

Figure 53: Results of redirected WASP interactive session. Following the loading screen, the user is pre-

sented with a WASP session, enabling further data processing as described in section (3.1.2).
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5 Discussion and outlook

The first aim of this thesis was the development of a single cell RNA-seq analysis plat-

form with easy usability, covering pre- and post-processing steps without limitation

to a single manufacturer protocol. This goal was realized in the form of the software

WASP, presented extensively in Chapter 3.1. In order to achieve an efficient fulfillment

of this aim, the software was implemented in form of three modules:

• Pre-processing

• Pre-processing visualization

• Downstream analysis

Pre-processing was originally developed to perform analysis of a KFO-based murine

BALO data set described in section 4.1. Following an evaluation of the best-suited

tools, pre-processing has been realized as a Snakemake workflow, which enables an

efficient and simple execution in combination with reproducibility in regards to FAIR

criteria. Functionality of the workflow was firstly demonstrated by analyzing multi-

ple BALO data sets described in section 4.1. However, at this time, the workflow was

tailored to data generated with the BioRad/Illumina ddSEQ protocol, and hence was

subsequently extended to overcome the mentioned restriction to a single manufacturer.

This was important as popularity of the 10x-based single cell protocol, for example, has

massively increased in the past years. Also, other devices and protocols such as Nadia

Dolomite and Scipio Asteria were added to increase flexibility and enable an analysis

of experimental single cell data regardless of the laboratories choice of a manufacturer.

By implementing pre-processing as a separate module, easier distribution and use of

the other software modules was also achieved, as pre-processing is limited to a vari-

ety of established Linux-based tools and, due to the enormous size of the raw data,

requires execution on a more powerful system such as a workstation or even an HPC

in order to achieve timely analysis. Still, for a most simple distribution, a Conda envi-
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ronment covering necessary dependencies was described and the pre-processing was

also implemented as a Docker container.

Pre-processing visualization was implemented using the R Shiny framework, en-

abling a straightforward combination of R-based code with a GUI, accessed directly

in the web browser. This enables a visual representation of the Linux-based analysis

steps, that, with exception of FastQC, do not provide graphical output. Usage of Shiny

also enabled a simple implementation of interactive visualizations, aiding users in data

selection, such as the knee plot (section 1.5.2). Furthermore, the separation also en-

abled a distribution independent of the user’s OS, as only the R interpreter is required,

which is available for all major OS. For Windows, even an installation-free distribution

was achieved using a portable R version. Consistent with the pre-processing pipeline,

however, the Shiny application is also offered as a Docker container. Separation of the

pre-processing and the pre-processing visualization also enables a more efficient anal-

ysis workflow, as usually quality control assessment of raw reads and the generation

of the gene expression matrix is performed once, while downstream analysis is typi-

cally performed in various iterations to establish optimal parameters. Additionally, as

the gene expression matrix marks the end of this module, data generated by WASP

provides users with the freedom of choice in regards to which tool they would like to

employ for downstream analysis.

Downstream analysis was implemented in a similar way as the previous module, us-

ing R Shiny. This adds the same benefits as described above but is even more useful

in this case, as many of the performed analysis steps are based on established R pack-

ages (Chapter 4.1, [198]). Thanks to R Shiny, interactive visualizations in combination

with user-friendly parameter modifications were implemented, providing researchers

with direct feedback. Also, this module only requires a gene expression matrix as in-

put, therefore enabling usage of WASP with data generated with other pre-processing

pipelines or analysis of data sets that are not available as raw data. While the down-

stream analysis steps were originally performed separately using R scripts, the result-

ing combination of various R packages in form of the WASP Shiny application enables a

171



5 Discussion and outlook

very simple usage of complex tools with a GUI significantly lowering the entry barrier

for scientists to analyze their own data.

Functionality of all WASP modules were compared by re-analyzing the manually

analyzed Mus musculus BALO data set shown in section 4.1.2. The intermediate steps

developed and the insights gained during this analysis formed the basis of the WASP

project. However, as the software marked a new approach and included a variety of

novel developments, it was important to verify consistency. All three WASP modules

were then applied for analysis of the raw BALO reads. Obtained results were consistent

with originally generated and published results, which were further validated by ad-

ditional wet-lab experiments including FACS, qPCR and fluorescent antibody staining

with microscopy (section 4.1).

WASP was also used for the analysis of a single cell RNA-seq data set based on Gal-

leria melonella larvae infected with Mycobacterium tuberculosis. Again, all three WASP

modules were used for data analysis. Results of all performed analysis steps are shown

in section 4.2. As this data set was generated based on the Asteria single cell protocol,

the successful processing again underlines WASPs overcoming of a limitation a single

manufacturer protocol. To this day, WASP represents the sole freely available applica-

tion able to analyze Asteria data; the Cytonaout application by Scipio Bioscience rep-

resents a commercial application offered on a pay-per-sample basis and requires prior

deposition of the data on cloud-based systems. Furthermore, the generation and ap-

plication of RNA-FISH probes based on the in silico results further validated results

proposed by WASP.

In summary, the implementation of WASP successfully addresses the above men-

tioned aim and its functionality was validated by successful application of the software

to multiple single cell RNA-seq data sets.

The second goal of this thesis was the integration of the developed software plat-

form into the openBIS workflow repository, enabling scientists to perform single cell

RNA-seq analysis of data stored inside the openBIS system.’
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This aim was realized by integrating the WASP software into the openBIS system

available at Giessen University. The openBIS installation itself was extensively de-

scribed in section 1.6.1. A separate KFO309 openBIS partition was provided by Jannis

Hochmuth and Frank Förster. This was then used for the upload of raw FASTQ read

files of a 10x-based data set. Subsequently, the WASP pre-processing Snakemake work-

flow (Chapter 3.1.1) was then tested with the data set utilizing the workflow registry of

Sven Griep (Chapter 3.2.1). Following, a successful processing within a few hours was

observed, further exhibiting the compatibility of WASP to 10x-based data. The openBIS

integration lowered the entry barrier of WASP’s pre-processing workflow, as this part

is restricted to Linux-based software, requiring a user to perform at least the software’s

execution on a CLI. Due to openBIS and the workflow registry, a GUI for this WASP

module was provided. Additionally, the responsibility for resource management was

taken away from the user as well which further simplified usage. Despite successful

processing, result visualization was very limited as openBIS only supports visualiza-

tion of static HTML and image files, contradicting the essential concept of WASP for

interactive visualization.

Thus, the pre-processing workflow was extended with mechanisms for the upload

of the processed data set to the de.NBI cloud. The uploaded data can then be accessed

from within openBIS. Using a container-based WASP version running on VMs in the

de.NBI cloud, the data set is automatically retrieved and subsequently enables its in-

teractively visualization and further processing in the user’s web browser. While this

implementation required some more complex processes performed in the background,

it provides a very simple solution to the openBIS users as they are completely shielded

from any complex tasks. As before, users only need to select the WASP workflow, re-

taining the above mentioned entry barrier simplification and finally select the result

HTML file upon workflow completion. The newly developed solution allows to cir-

cumvent current restrictions of the openBIS system and is able to connect workflows

executed within openBIS to dynamic output visualizations. This approach is further

suitable for all web-based applications and not restricted to R Shiny. For an even more
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sophisticated resource management, the server could be modified to only connect users

and their associated data to a container executed and managed in an environment such

as Kubernetes. All in all, the described solution meets the target of integrating the

WASP software into openBIS and enabling users to perform analysis of single cell RNA-

seq data.

In general, WASP provides a useful addition to the landscape of single cell RNA-

seq analysis solutions. By supporting the most commonly used manufacturer-based

protocols, the software does not restrict researchers in their choice of technology and

can be applied to the majority of Dropseq-based single cell data sets. This stands in

contrast to various other software solutions such as ddSeeker, Illumina BaseSpace, 10x

CellRanger or Scipio Cytonaut, which are specifically limited to a certain protocol or

manufacturer.

Also, the modularization of WASP increases the reusability of the software, as an

externally generated gene expression matrix can also be used for WASPs downstream

analysis. The general concept of WASP to provide automated analysis workflows in

combination with the Shiny-based GUI further reduces the entry barrier to perform sin-

gle cell analysis. Thus, WASP enables a complete typical RNA-seq workflow beginning

with raw reads or optional later entry points ending with a large variety of biological

insights and corresponding visualizations. The software also enables FAIR research by

exhibiting parameters used for each module. Furthermore, the philosophy of WASP

to provide all parts to be downloaded and run locally on-premise enables analysis of

restricted data sets, ensuring privacy of the data. Due to the possibility to run the

Shiny modules on a normal laptop or desktop computer, this further enables analysis

for researchers without access to large computational infrastructures. As a versatile

and complete application fully addressing all steps required for RNA-seq analysis, the

repeated exchange of information between lab researchers and bioinformaticians in the

course of a manual analysis is avoided. This issue is solved by providing researchers

with user friendly interactive elements enabling, e.g. direct look up for expression of

a specific gene within the analyzed data set. These features are complemented by the
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integration of WASP into openBIS, as this adds a GUI for the pre-processing module, re-

ducing the complexity of analysis even more. Also, the FAIR concept benefits noticeable

from this integration, as researchers are now able to deposit meta data along with the

data set itself and the corresponding WASP analysis results. An important cornerstone

to enable efficient usage of AI-driven data collecting and processing, which is essen-

tial to ensure efficient analysis of the ever-increasing amounts of generated data in the

future. Many software solutions, in comparison, aim to provide either pre-processing

(ddSeeker, STARSolo) or downstream analysis (Single Cell Explorer, Granatum, ASAP).

Therefore, researchers have to select at least two or more tools and possibly transform a

tool’s output to be suitable as another tool’s input in order perform a complete analysis,

thus increasing the entry-barrier. On the other hand, solutions providing a full work-

flow analysis such as Illumina BaseSpace, 10x CellRanger or Scipio Cytonaut are, as

described above, usually limited in regards to protocol or manufacturer compatibility.

As a perspective, future developments in the field of single cell RNA-seq analysis

will continously be added to WASP, thereby extending its applicability. One interesting

task for this is data set or batch integration. This was previously externally performed

using Seurat’s CCA (section 4.1) and Harmony (section 4.2). While both packages are

already compatible with hardware requirements for some of the analysis are going to

become an issue. For example, Seurat’s CCA correction requires more than 16 giga-

byte (GB) of RAM for data sets of more than approximately 30,000 cells. With WASP

being conceptualized for interactive use, runtime considerations have to kept in mind,

as well; some analysis types require more than 30 minutes to compute, and therefore

results will not immediately available to the user. According to their own publication,

Harmony performs a lot faster making it more suitable for this task. However, com-

plexity of the methods needs to be evaluated as this might prevent a simplified usage

of WASP in case users need to select a variety of unknown parameters for a success-

ful integration process. This is further associated with the risk of masking biological

variation when trying to remove technical effects during data set integration. Thus, a
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possible solution needs to perform a balancing act between usability and application of

complex algorithms for adequate data processing.

Another interesting additional processing step is the integration of a pseudotime

analysis module. This increasingly popular method enables to analyze dynamic changes

in the cellular population based on gene expression and a subsequent ordering of cells

along the calculated progression trajectories (section 1.5.3). A variety of tools is avail-

able for this task with varying performance depending on the trajectory type, e.g. cir-

cular or linear progression, with or without branching [97]. In this regard, a previ-

ous study evaluated the tool ’Slingshot’ [99] as best overall performing for different

trajectory structures [97]. Another advantage of Slingshot is its implementation in R

and compatibility with internal data objects used within WASP. Slingshot itself is de-

signed to perform Pseudotime analysis following pre-processing, dimensionality re-

duction and clustering. Thereby an integration following the current WASP workflow

could be a feasible solution (Fig. 54). First internal evaluations using a few thousand

Mus musculus cells, however, indicate high memory demands exceeding 40 GB of RAM

and multiple hours of processing time. Similar to the data set integration processing

described above, this contradicts the philosophy of WASP of performing quick and in-

teractive analysis, which can easily be repeated with different parameters. Also, this

requires WASP to be run on either a HPC system or a workstation instead of a laptop

or standard desktop computer, typically available in laboratories. To overcome this

challenge, a possible solution to this problem is a conceptual change of the software

to asynchronous calculation instead, separating analysis initiation and result visualiza-

tion. A concept that could also be suitable for accommodating the potentially growing

large data sets in the rapidly evolving field of single cell transcriptomics.
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Figure 54: Former concept of pseudotime analysis integration into WASP. Pseudotime analysis would be

performed using the R package Slingshot shown in the dashed green box.

Less of a specific analysis step, but also an exciting technological addition might be

integration of AI-based components. While the topic of AI is on the rise for quite a time,

some major breakthroughs have been observed especially in the last few years. This can

currently be observed even in mainstream media coverage for topics such as ’ChatGPT’

and similar AI assistant systems [233]. Apart from these everyday focused use cases, a

variety of AI-based applications in bioinformatics and more specific also in the single

cell field emerged. Most approaches focus on optimizing identification and assignment

of cell types using machine learning in combination with known cell type markers ob-

tained from publicly available repositories such as the human cell atlas to generate

prediction models [234], [235], [236]. Additional studies aim at providing an improved

pseudotime analysis workflow identifying more genes than traditional solutions [237]

or aggregating and interpreting data obtained from various laboratory processing steps

such as microscopy and FACS [238]. While a general use of AI-supported methods is

still somewhat in its infancy in the single cell field, the publications to date already in-

dicate a promising future and should be closely monitored with regard to possible inte-

gration opportunities. Although, as already mentioned hardware requirements might
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also play an important role here, as many AI tools require the use of graphic cards or

specified chips with sufficient memory.

Beyond implementation of other analysis steps, integration of interoperable file for-

mats is an interesting addition. For example, in the genomics field standardized for-

mats such as GTF or genbank are widely used and supported. However, single cell

transcriptomics has unique requirements which information need to be stored along

the gene expression values, e.g. dimension reductions, and cluster identity of cells. R-

based software, and thereby also WASP, uses the single cell experiment format and Seu-

rat objects to represent this information. A similar promising format is the ANNDATA

format [239], implemented as Python package. This format is used in software such as

Scanpy or the recently published CellxGene exploration tool by the Chan Zuckerberg

foundation [240]. Enabling the export of ANNDATA files from WASP would therefore

further expand the already comprehensive integrated concept of FAIR data analysis

and sharing. Also, the integration of further standard formats in exchange with the

community is envisaged.

Additionally, the adaptation of the ANNDATA format could provide new opportu-

nities for enhancing WASP’s performance with very large data sets. While R Shiny

has proven to be a powerful framework for interactive data visualization, WASP has

demonstrated excellent performance on typical single cell RNA-seq data sets ranging

from hundreds to thousands of cells (e.g. chapters 4.1.1 and 4.2), scaling to data sets

with 100,000 cells or more introduces novel challenges which may result in slow per-

formances or significant hardware requirements [241], [242]. Recent studies have high-

lighted that the Python-based tools Scanpy and CellxGene, internally relying on the

ANNDATA format, offer superior scalability for such large data sets compared to R

and Shiny. Thus, integrating these tools into WASP could enhance its ability to visual-

ize and analyze large scale data sets while maintaining compatibility with its existing

workflows.

However, implementing these changes would require a fundamental shift in WASP’s

design philosophy. This paradigm shift, also discussed in the context of pseudotime
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analysis integration above, would allow WASP to handle increasingly large and com-

plex data sets such as cell atlas-scale data. However, this may come at the cost of re-

duced usability or accessibility, as CellxGene requires computationally intensive anal-

ysis steps, such as PCA, t-SNE or UMAP, to be pre-calculated which likely depends

on more powerful workstations, HPCs or cloud systems rather than standard laptop

or desktop computers, as typically found in laboratories. While this adjustment might

challenge WASP’s focus on dynamic and interactive analyses, its modular design pro-

vides an advantage as individual components could be adapted or replaced without

abandoning the entire software. For example, the Snakemake-based pre-processing

module could be retained while replacing the Shiny-based modules by Python-based

tools such as Scanpy and CellxGene. Furthermore, it might even enable maintaining

multiple versions tailored to different use cases - one version optimized for smaller

data sets and dynamic workflows, and another version designed for large-scale data

exploration.
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6 Summary

Since its first application in 2009, single cell RNA-seq technology has provided an un-

precedented resolution in understanding biological processes on a cellular level. Within

the last decade, the technology was streamlined in various applications leading to a

drastic improvement in regards to throughput and specificity in combination with cost

reduction. This enabled numerous novel insights such as understanding of organ de-

velopment, detection of cellular heterogeneity of tissues including detection of previ-

ously unknown rare cell types, analysis of cellular communications and many more.

As a result of this vast range of application possibilities, single cell RNA-seq is used

almost ubiquitously in life sciences, especially in human and mammalian cell-based

systems. In this regard, the single cell-level resolution massively improved analysis

and characterization of tumors, their development, involved cellular communication

processes and revealed possible treatment targets. Also, a more complete understand-

ing of various disease mechanisms was achieved including, e.g. COVID-19. Further-

more, multiple modeling processes were optimized using single cell RNA-seq such as

development and characterization of organoids and application of model organisms,

ultimately leading to generation of extensive data bases such as the human cell atlas

providing additional resources for future studies.

While the single cell-based benefit for biological and medical research is undisputed,

it is accompanied by increasing complexity. Apart from additional laboratory tasks,

the bioinformatic analysis is affected in this process. Although the landscape of bioin-

formatic tools has massively grown in the last decades with the advent of NGS, not

all tools are already suitable for analysis of single cell data. Instead a variety of novel

challenges requires tailored solutions to cover processes such as barcode and UMI de-

tection and correction, identification of real cells against ambient RNA-based artifacts

or normalization of zero-inflated count matrices. Each manufacturer tends to develop

an own protocol, hindering bioinformatic analyses by lack of standardization. This re-

sulted in an ongoing development of new tools and software solutions for over a decade

tackling these issues. However, many open source tools are either complex to use and
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require a deeper knowledge in using a CLI or even programming skills in R or Python.

Commercial tools are often limited to a specific manufacturer, subject to a charge or

paid subscription and represent a black box in relation to analysis steps performed. Fi-

nally, a typical analysis process of a single cell RNA-seq data set requires application

of multiple specific tools increasing the entry barrier even further for researchers with-

out bioinformatic knowledge. Thus, analysis is often delayed and inefficient as even

small and repetitive processing steps have to be requested by a researcher and then car-

ried out by a bioinformatician. This is even more challenging due to an ever growing

amount of data making making it difficult to keep track of analysis steps performed,

identify useful data sets and comply with FAIR.

In order to overcome these challenges, the single cell RNA-seq analysis software

WASP was created and published as part of this thesis. WASP has been designed as

a complete solution to process single cell RNA-seq data, covering all aspects from ini-

tial QC to final interpretation. WASP supports all major scRNA-seq protocols and is

continously extended. The software covers pre-processing and following downstream

analysis finishing with clustering of cellular populations and detection of according

up- and downregulated marker genes. By applying automated analysis workflows

and GUI combined with interactive visualizations, WASP reduces the entry barrier

for researchers to perform data analysis themselves. Additionally, multiple popular

manufacturer-based protocols are supported giving researches freedom of choice in re-

gards to their preferred or available laboratory single cell platform. Furthermore, the

software is open source, publicly available and can be run on-premise to process even

sensitive data not approved for data upload. In addition to analysis visualizations,

WASP further exhibits parameters used during analysis in order to facilitate FAIR re-

search. This has been further addressed by integrating WASP into an instance of the

openBIS data management platform hosted at the Justus Liebig University. openBIS

enables a browser-based data upload providing a GUI supporting upload, storage and

searchability of experimental data while also providing detailed access control. In-

tegration of WASP using the BCF’s workflow registry, and utilization of the de.NBI
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cloud S3 storage, and VMs finally provides direct analysis of single cell data from

within openBIS in the web browser while still retaining WASP’s interactive features.

Thus, further improving easy access to single cell data analysis for researchers without

bioinformatic knowledge and support of FAIR data storage and processing. Single cell

RNA-seq is an emerging field lacking in standardization, but WASP, and especially data

exchange between its individual components represents a major step towards success-

ful analysis and reproducible interpretation of scRNA-seq data.

” The important thing is to never stop questioning. Never

lose a holy curiosity.

— Albert Einstein

(Theoretical physicist)
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