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SUMMARY

Stem cell is the cell type that has the capabilities of self-renewal and differentiation
into specialized cell types. Ability to proliferate throughout their lifespan and transform
themselves are the main advantages of the stem cells. With the latest technologies, stem
cell studies have been accelerated in the last decade and stem cell applications were
improved. They can be used in the medical treatments such as stem cell therapy and
tissue engineering applications, or in vitro models can be created to model diseases for
drug testing. Among the stem cells, induced pluripotent stem cells (iPSCs) are the most
preferred type as they are similar to embryonic stem cells (ESCs) with the ability of
differentiation into any cell type and they can be generated from somatic cells easily.
Improving stem cell differentiation processes is critical to eliminate current drawbacks of
stem cells such as low efficiency and unwanted cell formation.

To learn more about these processes, transcriptomics technologies (mostly RNA-
seq) can be used to quantify the change in expression levels of each transcript in different
processes/timepoints and compare the cell states. Gene expression profiles of the
individual cells can be measured by using single-cell RNA-seq (scCRNA-seq). This
technique provides novel analysis methods for investigating cellular heterogeneity, which
are not possible with the conventional techniques. Trajectory inference, which is one of
these analysis methods, finds transformation routes the cells can follow.

The aim of this thesis project is the analysis of time-series single-cell omics data
from differentiation and reprogramming processes by using clustering and trajectory
inference to examine these processes in detail and find the genes that play an important
role during these processes. Targeting these genes may help to develop new approaches
to make the processes more efficient and more successful, and allowing the stem cells to

be more useful.

Key Words: single-cell RNA-seq, scRNAseq, clustering, trajectory inference,

pseudotime analysis, stem cell differentiation, reprogramming.



OZET

Kok hiicre, kendini yenileme ve diger 6zel hiicre tiirlerine farklilasma yeteneklerine
sahip hiicre tiiriidiir. Yasam siireleri boyunca cogalma ve kendilerini doniistiirme
yetenegi, kok hiicrelerin temel avantajlaridir. Son teknolojilerin ortaya ¢ikmasiyla birlikte
son on yilda kok hiicre ¢alismalart hizlanmis ve kok hiicre uygulamalari iyilestirilmistir.
Kok hucreler, kok hiicre tedavisi ve doku miithendisligi uygulamalariyla tibbi tedavide
kullanilabilirler veya hastaliklart modellemek igin ilag testi ve tasarimina yonelik in vitro
modeller olusturulabilir. Kok hiicre tipleri arasinda indiiklenmis pluripotent kok hiicreler
(iPSC'ler), herhangi bir hiicre tipine farklilagsma kabiliyeti ile embriyonik kok hiicrelere
(ESC) benzemesi ve somatik hucrelerden kolayca Uretilebilmesi nedeniyle en ¢ok tercih
edilen tiirdiir. Kok hiicre farklilastirma siireglerinin iyilestirilmesi, diisiik verimlilik ve
istenmeyen hiicre olusumu gibi kok hiicre kullaniminin mevcut dezavantajlarini ortadan
kaldirmak igin kritik 6neme sahiptir.

Bu siiregler hakkinda daha fazla bilgi edinmek i¢in, farkli slire¢/zaman noktalarinda
her bir transkriptin degisen ifade seviyelerini 6lgmek ve hiicrelerin durumlarini
yorumlamak igin transkriptomik teknolojileri (¢cogunlukla RNA dizileme) kullanilabilir.
Her bir hiicrenin gen ifade profilleri tek hiicreli RNA dizileme (scRNA-seq) teknolojisi
ile 6lculebilir. Bu teknik, geleneksel tekniklerle mimkin olmayan yeni analiz yontemleri
saglayarak hiicre heterojenliginin incelenebilmesini miimkiin kilar. Bu analiz
yontemlerinden biri olan yoriinge ¢ikarimi, hiicrelerin izleyebilecegi farklilagsma veya
yeniden programlama yollarin1 bulmayi saglar.

Bu tez projesinin amaci, zamana bagh tek hiicreli omik verilerinin analizi ile
farklilasma veya yeniden programlama siireglerini kiimeleme ve yoriinge ¢ikarimi
yontemleri ile ayrintili olarak incelemek ve bu baskalagim siirecleri boyunca énemli rol
oynayan genleri bulmaktir. Farklilastirma ve yeniden programlama sureglerindeki bu
genler, siirecleri daha verimli ve daha basarili hale getirmek igin yeni yaklagimlar

gelistirmeye yardimci olabilir ve bu da kok hiicrelerin daha kullanigli olmasini saglar.

Anahtar Kelimeler: tek hiicre RNA dizileme, kiimeleme, yoriinge ¢ikarimi, zaman-

benzeri analizi, kok hiicre farkhilasmasi, yeniden programlama.
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1. INTRODUCTION

Stem cell research has gained a new perspective after milestone studies on cell
type transformation processes were reported. Especially, the discovery of induced
pluripotent stem cells (iPSCs) provided new opportunities to study differentiation to
any cell type, such studies were not possible with embryonic stem cells (ESCs) due to
the ethical issues [K Takahashi, 2006]. iPSCs have similar characteristics to ESCs and
have the ability to differentiate into any cell type due to their pluripotency, hence use
of iPSC can lead to development of new treatment therapies and discovery of new drug
targets.

Transcriptomics technologies are the techniques used to study all RNA
transcripts expressed in a biological sample. Transcriptomics can be used in a variety
of research areas, for example, comparison of gene expression levels between disease
and healthy states shows which genes change significantly in disease state and these
genes can be studied in further detail. Currently, most common technique for
transcriptomics is RNA sequencing (RNA-seq). Standard RNA-seq protocol is applied
to a population of cells, and average gene expression values are retrieved for each
gene, whereas single-cell RNA-seq (SCRNA-seq) is applied to the individual cells and
gene expression values for each gene can be retrieved for each cell. Therefore, single-
cell transcriptomics provides gene expression levels in single-cell resolution and
allows novel analysis methods which are not possible with standard RNA-seq [Lowe
etal., 2017].

One of the analysis methods for sScRNA-seq is trajectory inference, which is also
known as ‘pseudotime analysis’. In trajectory inference methods, SCRNA-seq data is
sorted computationally according to the gradual transition of their transcriptomes in
the progress route of interest. Cells evolve at different speeds in a process such as cell
differentiation or development. Cells collected at any particular time point during these
kind of processes contain cells representing different stages of these processes. Using
single-cell RNA-seq data, an ordered sequence of cells can be constructed to describe
the gradual transition of the single-cell transcriptome. scRNA-seq changes the
understanding of diseases or biological processes, and it reveals cell-to-cell
heterogeneity within a tissue at very high resolution [Poirion et al., 2016, Saelens et
al., 2019].



Reprogramming and differentiation of the iPSCs takes place stochastically,
hence there are no specific events that are determined to occur, instead a variety of
events with different probabilities may occur during the transformation [Stumpf et al.,
2017]. Therefore, to observe the stochastic changes, integration of different types of
data at single-cell resolution via bioinformatic analysis tools are necessary. Analyses
will reveal how those cells with high heterogeneity transform their phenotypes, which
events take place, and which transformation path or trajectory is selected during the
transformation.

The aim of this thesis project is the analysis of time-series single-cell omics data
collected from differentiation and reprogramming processes by using clustering and
trajectory inference methods to investigate these processes and find the genes that play

an important role during the transformations.



2. BACKGROUND ASPECTS

2.1. Stem Cells

Stem cells are defined as immature cells with the capabilities of self-renewal,
and differentiation to other mature and specialized cell types [Chagastelles and Nardi,
2011]. Stem cells can proliferate throughout their lifespan and transform themselves
to other cell types by changing their molecular profiles. Stem cells have the potential
to be used as a source of cells for medical treatment, including the applications such
as stem cell therapy and tissue engineering. Additionally, stem cells are used to create
in vitro models to test hypotheses such as use of disease models for drug design and
testing [Elbuluk et al., 2017, Rowe and Daley, 2019]. These unique properties of stem
cells and the emergence of advanced techniques for stem cell studies make them
evolve into one of the most remarkable research areas to be focused on.

Stem cells can be classified according to their ability to differentiate into
specialized cells (potency) and their origin. According to their potency, stem cells can
be classified into five groups as shown in Figure 2.1 adapted from Zhang et al [Zhang
et al., 2009]:

e Totipotent stem cells

e Pluripotent stem cells
e Multipotent stem cells
e Oligopotent stem cells

e Unipotent stem cells

Totipotent stem cells are the cells that have ability to differentiate into any kind
of cells, which means the ability of a cell to create an entire organism. Zygotes and
spores can be the examples of totipotent stem cells [Mitalipov and Wolf, 2009].
Pluripotent stem cells are the cells that have the capacity to differentiate into three
germ layers which are ectoderm, mesoderm, and endoderm [Bang and Carpenter,
2009]. From these layers, cells can differentiate into any cell type. Embryonic stem
cells and induced pluripotent stem cells are the examples of pluripotent stem cells.

Multipotent stem cells are the cells which are able to differentiate into fewer cell types.

3



Hematopoietic stem cells and mesenchymal stem cells are the examples of multipotent
stem cells. Oligopotent stem cells are the cells that have the ability to differentiate into
even fewer cell types. Examples for this type of stem cells are myeloid stem cells and
lymphoids. Unipotent stem cells are the cells that can produce only one type of cells.
Muscle stem cells are the examples for the unipotent stem cells.

According to the origin of the cells, stem cells can be classified into four main

groups [Barky et al., 2017]:

e Embryonic stem cells
e Induced pluripotent stem cells
e Adult (somatic) stem cells

e Cancer stem cells

Embryonic stem cells (ESCs) are the type of cells that are formed from inner cell
mass of blastocysts and show pluripotent properties, meaning that they can
differentiate into any cell type. They are also able to proliferate without any limitations
[Zakrzewski et al., 2019]. With these properties, embryonic stem cells can be seen as
the most useful stem cell type. Induced pluripotent stem cells (iPSCs) have properties
very similar to the embryonic stem cells. The difference between them is that ESCs
are derived from blastocysts whereas iPSCs are derived from adult cells by
overexpression of four transcription factors, Oct4, Sox2, KIf4 and Myc, which are
called Yamanaka factors [K Takahashi, 2006, Shi et al., 2017]. Adult (somatic) stem
cells are multipotent cells that have the ability to self-renew in particular tissues and
organs. They are found in many organs such as bone marrow, brain, teeth [Caglayan
et al., 2019]. Cancer stem cells (CSCs) are sparse subsets of cancer cells sharing

similar properties with normal stem cells.
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Figure 2.1: Summary of stem cells in different potency levels.

Between those four types of stem cells, iPSCs are the most preferable type of
stem cells due to having very similar characteristics to ESCs such as the capability of
differentiating into any cell type and the easy generation from any cell type with a
cocktail of transcription factors without using any embryos. For instance, iPSCs
produced from the somatic cells of the patient can be used by producing healthy
specialized cells for autologous therapy, or they can be used to create 3D cell cultures
which are called organoids for disease modeling to test novel therapeutic approaches
as summarized in Figure 2.2 adapted from Rowe and Daley et al. [Rowe and Daley,
2019]. Additionally, iPSCs can be generated for treatment of injured and degenerated
tissues. Although there are some drawbacks of the iPSCs usage such as the
uncontrolled integration of retroviral DNA into the host genome and the association
of OSKM factors with the development of the multiple tumors in oncogenetics, iPSCs

are still advantageous for being used in stem cell therapy [Medvedev et al., 2010].
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Figure 2.2: An illustration of uses of iPSCs in research and medicine.

2.2. Cellular Differentiation Processes

Cell differentiation is a general term for the processes through which the cells
change their function, phenotype and the other characteristics to a specialized cell type
by a series of signaling events. Since each cell type expresses a different set of genes,
most obvious change during cell differentiation is the regulation in gene expression of
the cells. Transcription factors, which are proteins that can affect gene expression, are
the main elements for this regulation. Although cell differentiation is an essential
process for embryological development, it is also vital for processes involving cell
renewal in the body [Zhang and Wolynes, 2014]. With the innovations in stem cell
technologies, it has become possible to differentiate cells in vitro [Evans and Kaufman,
1981, Reubinoff et al., 2000].

As mentioned above and as in the formation of iPSCs, stem cells differentiate by
being exposed to overexpression of some transcription factors. With exposure to high
levels of reprogramming-mediating transcription factors, cells are transformed into the
stem cells; whereas stem cells are transformed into the other cell types via
differentiation-mediating transcription factors [Mah et al., 2011]. Transformations can

also take place without stem cell phenotype formation at any stage of the process.



These processes are called ‘direct differentiation’ and they are carried out by inducing
a set of process-specific transcription factors. Differentiation of mouse embryonic
fibroblasts (MEFs) to neurons is an example of direct differentiation [Vierbuchen et
al., 2010].

2.3. Fibroblast Cells

Fibroblast is the type of cell that produces collagen and extracellular matrix, as
well as being the primary element for connective tissue in animals [Murray et al.,
2009]. Fibroblasts were mainly discovered in between 1906-1921 by observing their
characteristic manner and the response, and its fundamental properties could be
compiled in 1926 [Carrel and Ebeling, 1926]. The use of fibroblasts specifically in
stem cell studies was started by the discovery of OSKM factors (as known as
Yamanaka factors) [Takahashi and Yamanaka, 2006]. In addition to physiological and
pathological tissue fibrosis, fibroblasts have crucial functions in ECM maintenance,
reabsorption, cancer progression, inflammation, angiogenesis and wound healing
[Kendall and Feghali-Bostwick, 2014]. CD90, DDR2, FSP1, Scal, fibronectin,
vimentin, collagen types I/111, FAP and aSMA are some of the fibroblast markers [Ivey
and Tallquist, 2016].

In the last decade, it was discovered that fibroblasts can directly differentiate into
neurons by using a set of defined factors. This discovery led fibroblasts to be used
extensively in neuroscience [Vierbuchen et al., 2010]. Especially mouse embryonic
fibroblasts (MEFs) gained popularity because of having robust systems, fast growth
rate, easy approachability and multiplexing, which is large number of simultaneous
experiments [Qiu et al., 2016].

2.4. Neuron Cells

Neuron is a specialized cell type that can transmit electrical impulses. It is a
primary component of the nervous system and consists of three parts, which are
dendrites, soma (cell body) and axon. Dendrite receives chemical signals from axon
terminal of the neighboring neurons, converts the signals to electrical impulses (action

potential) and transfers them to the axon. Axons then transmit the electrical impulse to



other neurons [Darnell et al., 2000]. Neurons generally have multiple dendrites. Cell
body is the part where all membranes and neuronal proteins are synthesized. Basic
representation of a neuron is shown in Figure 2.3 adapted from Thanapitak
[Thanapitak, 2012].

Due to the current ineffectiveness in treatment of neurological diseases, there is
a need for better understanding of the processes taking place inside neuron cells. In
order to achieve this, in vitro differentiation of cells can be used to generate neurons
for purposes such as revealing the differentiation mechanisms, drug development and
disease modeling. Production of any subtypes of neurons is possible thanks to the

pluripotency of the stem cells [Hou et al., 2017].

Dendrite

Rode of Ranvier Axon terminal

Soma

Myelin Schwann cell

Sheath

Nucleus Axon

Figure 2.3: Representation of neuron and its parts.

2.5. Systems Biology and Omic Technologies

Living organisms are quite complex creatures. They include a large number of
pathways, reactions and processes and all of them take place in every millisecond
inside the living body. The tools to observe them comprehensively are insufficient for
the moment. In order to understand the living systems better and to get an overview of
the transformations taking place inside them, “systems biology” approaches are used,
which allows a holistic view of the components of the systems and interactions among

them.



“Omics” term is a comprehensive quantification and characterization of a group
of biomolecules. “-omics” suffix is added to the name of the target of interest.
Genomics which focus on structure, function and characterization of the genomes;
transcriptomics which focus on the concentration of the total of RNA molecules;
proteomics which focus on the amount, biochemistry, function and the structure of the
proteins, epigenomics which focus on epigenetic modifications such as DNA
methylation and histone modifications are some of the examples for omics. Using
omics technologies, high-throughput data is generated from the cases to be examined,
analyzed in detail and the results from the analyses are interpreted considering the
case-specific hypotheses [Vailati-Riboni et al., 2017]. For each omic technology, data
is produced by experimental and quantification steps in upstream processes (low level
analyses); and biological results are derived in downstream processes (high level
analyses). The omics data allows systems biology approach to be applied to the system
of interest.

2.5.1. Transcriptomics

Transcriptome is total of RNA molecules transcribed in a single cell or a
population of cells. It is a snapshot of total transcripts in a particular timepoint, only
2% of which are mMRNA molecules. Transcriptome mostly refers to mRNAs due to the
fact that transcript concentrations (MRNA levels) can mainly determine the protein
levels and quantification of mMRNA levels are often used for the inference of protein
levels in the cells. Transcriptome may also refer to all RNAs, hence its description is
based on the design of the experiment. By using transcriptomics technologies, it is
possible to measure the transcriptome of any RNA-containing medium. The main
purpose of the transcriptomics is to detect the genes whose expression levels are
significantly different between conditions (which will be referred to as differentially
expressed genes (DEGs) for the rest of this thesis) to learn more about activities of the
pathways of interest. In addition to that, transcriptomics is used to classify and quantify
other types of transcripts (non-coding RNAs, small RNAs etc) in the sample and find
the transcriptional landscape of the genes (e.g. to study alternative splicing or post-
transcriptional modifications). Most common techniques used for transcriptomics are

DNA microarrays and RNA sequencing (RNA-seq) [Lowe et al., 2017].



2.5.1.1. RNA Sequencing

RNA sequencing (RNA-seq) is a technique to measure the quantity of RNA
molecules (mostly mMRNA molecules as mentioned in Transcriptomics section) in a
sample of interest by using next generation sequencing (NGS) technology. 454
sequencing, a massively parallel pyrosequencing technique, was the first effective
NGS strategy that received broad acceptance by the community [Margulies et al.,
2005]. 454 sequencing was superseded by Illumina sequencing, and currently it is the
most used RNA-seq technology [Shendure et al., 2005, Weber, 2015]. Having many
advantages compared to the microarray technology, RNA-seq is considered as a
revolutionary technology for transcriptomics. Microarray is limited to the probe
sequences on the chip, whereas RNA-seq does not have such limitations and allows
both quantification of known transcripts and discovery of novel transcripts. RNA-seq
has a wider dynamic range, higher accuracy and higher sensitivity, can detect higher
number of DEGs and transcripts including the ones with low abundance [Rai et al.,
2018]. In RNA-seq experiments, sequencing depth or coverage (number of unique
sequenced reads in reconstructed sequence) is a critical point to consider in detail
[Sims et al., 2014].

For RNA-seq, the cells are sampled from the tissue of interest, and RNA
molecules of the cells are extracted. And these molecules are fragmented, reverse
transcribed to make the cDNA molecules available for sequencing. Then, adapters are
ligated to one or both sides of the fragments and the fragments are amplified. The
fragments are loaded to sequencing machine and the sequence information of the
fragments are determined. Afterwards, the sequence information is processed to
determine which genes the fragments belong to by using some specific softwares. And
at the end, gene expression values are quantified for each sample. The steps of RNA-

seq is summarized in Figure 2.4 adapted from Berge et al [Berge et al., 2019].
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Figure 2.4: Summary of the experimental steps in RNA-seq.

2.5.2. Single-cell Transcriptomics

In majority of the studies, transcriptomics analysis is based on a population of
cells. Even if a cell seems to be identical to the neighboring cells, gene expression
profiles of those cells are not the same due to the nature of stochasticity in gene
expression. This phenomenon is called cellular heterogeneity [Altschuler and Wu,
2010]. Transcriptomic technologies applied on a population of cells (which is called
bulk RNA-seq) produce average transcriptome of those cells. Bulk RNA-seq technique
Is not sufficient to observe the intercellular differences in gene expression. By using
single-cell transcriptomics, it is possible to study the transcriptional profile of
individual cells at single-cell resolution. First single-cell RNA sequencing (SCRNA-
seq) protocol was published in 2009 by Fuchou Tang and his colleagues. Since then,
more advanced single-cell sequencing methods were developed and the amount of
sequenced single cells in a single experiment have increased dramatically from 1 cell
to more than 1 million cells [Cao et al., 2019, Tang et al., 2009]. Isolation of single
cells can be classified into two groups which are well-based and droplet-based
methods. Whereas well-based methods are more controlled, more flexible, lower-
throughput and more expensive; droplet-based methods are more efficient, high-
throughput and cheaper [Ziegenhain et al., 2018]. By using these isolation methods as
a basis, a large number of single-cell sequencing methods are developed [Chen et al.,
2019]. An overview of the single-cell isolation methods and number of cells that can
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be sequenced by each sequencing method was given in Figure 2.5 adapted from
Svensson et al [Svensson et al., 2018].
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Figure 2.5: Overview of the development of SCRNA-seq experiments.

To generate SCRNA-seq libraries, first step is to isolate single cells or single
nuclei from a bulk of cells. Each cell needs to be dissociated from each other and from
the extracellular matrix (ECM). Cell isolation can be carried out by well-based or
droplet-based methods. In well-based methods, single cells are dissociated and placed
into the wells by using fluorescence-activated cell sorting (FACS) or microfluidic
systems. In droplet-based methods, cells are encapsulated inside oil droplets. Isolation
method should be chosen carefully to prevent unintended changes in expression of
some genes during the isolation process. In addition to those methods, laser capture
microdissection or patch clamp can be used if identification of the connection between
spatial coordinates and transcriptome profile is aimed. After RNA isolation,
complementary DNAs (cDNAs) are generated with the reverse transcription of
mRNAs by polymerase chain reaction (PCR) or in vitro transcription (IVT),
amplification is done and the sequencing libraries are created. In the step of generation
of cDNAs, it is critical to use cell-specific barcodes in the primers. These cell-specific
barcodes are the random nucleotide sequences and called unique molecular identifiers
(UMI). By using UMIs, reads can be annotated with the cell they originate from, and

the bias and noise introduced by PCR or IVT can be removed. Final steps are
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sequencing the libraries and retrieving the reads from the fragments in the sample
[Ziegenhain et al., 2018]. Since the first protocol for ScRNA-seq, a variety of different
protocols were developed, each with their own advantages [Chen et al., 2019].

After the experimental steps are completed, reads are processed with a set of
software tools to create the count matrix which includes expression levels for each
gene and each individual cell. In order to quantify the expression values, reads are
aligned to the reference genome of the organism being studied. For this purpose,
pseudoalignment algorithms which prioritizes speed over full-length alignment of the
reads can be used. Finally, a count matrix is created for downstream analyses.
Difference of the count matrix in single-cell sequencing to that of bulk RNAseq is that
each sample is an individual cell instead of average values of a bulk sample from the

cell culture or patient.
2.6. Analysis of sScRNA-seq data

As mentioned in “Transcriptomics” section, where mostly bulk RNA-seq was
described, the main purpose of transcriptomics experiments is to find DEGs between
two conditions. But, with the transcriptomics data in single-cell resolution, it is
possible to analyze the cells in addition to genes. In cell level analyses, cellular
heterogeneity is the key property. Cell level analyses can be separated into two groups,
which are clustering and trajectory inference (pseudotime analysis). Single-cell
analysis methods are summarized in Figure 2.6 [Luecken and Theis, 2019].

By using clustering algorithms, groups of cells with similar gene expression
levels and cell types can be identified based on the transcriptome profiles of the cells
in an unsupervised way. K-means clustering, graph-based (community-detection-
based) clustering, hierarchical clustering and density-based clustering are the main
methods for clustering [Zhang et al., 2020]. Clustering problem is not an easy task to
solve and all of the methods have their own advantages, hereby there is no superior
method to the others [Kiselev et al., 2019].

Trajectory inference is another analysis method for scRNA-seq data. In
trajectory inference (TI) methods, a “pseduotime” value is assigned to each cell to
indicate their degree of progress in the process of interest by using cellular

heterogeneity [Chen et al., 2019]. Afterwards, cells are ordered according to their
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pseudotime values in the reduced-dimension space and based on the coordinates of the
cells in the space, trajectories are created. Developmental or differentiation processes
can be defined and analyzed via these trajectory results. This type of analysis is applied

for studying developmental or other time-course processes.
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Figure 2.6: Overview of scRNA-seq downstream analysis methods.

14



3. MATERIAL AND METHODS

3.1. Datasets

In the scope of this thesis, three SCRNA-seq datasets were analysed. Overview
of the datasets is shown in Table 3.1 and representation of differentiation processes of
interest is shown in Figure 3.1.

Table 3.1: Table of the datasets used in this thesis.

Accession Oraanism Source of Target of Number Reference
Number g Differentiation|Differentiation|of Cells
[Briggs et
1/GSE97391 |Mouse mESC Neuron 3023 cells
al., 2017]
[Treutlein et
2|GSE67310 |Mouse MEF Neuron 405 cells
al., 2016]
2642 cells
] (A2S) [Tranetal.,
3|GSE108222|Mouse MEF iPSC
3127 cells|2019]
(FBS)
mESC . » _1
2 ' g i
> Neuron
3 IiPSC , _~
> ‘ ?‘“
3
Somatic cells Stem cells Somatic cells

Figure 3.1: A representation of differentiation processes.
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The datasets were downloaded in ‘count matrix’ format from Gene Expression
Omnibus (GEO) platform provided by National Center for Biotechnology Information
(NCBI). The first dataset was published by James Alexander Briggs and his colleagues
with the accession number of GSE97391 in 2017. The dataset is composed of SCRNA
data from the differentiation process of mouse embryonic stem cells (mESCs) into
(spinal) motor neurons (MNs) by applying standard and direct protocols. In this thesis
study, data retrieved from direct protocol was used due to having much higher
efficiency of differentiation. Data from previously published study of the same
research group was used for day O reference [Klein et al., 2015]. The second dataset
was published by Barbara Treutlein and her colleagues with the accession number of
GSEG67310 in 2016. It includes scRNA data from direct differentiation of MEFs to
(motor) neurons. The third dataset was published by Khoa A. Tran and his colleagues
with the accession number of GSE108222 in 2019. This dataset includes sScCRNA data
from reprogramming process of mouse embryonic fibroblasts (MEFs) to induced
pluripotent stem cells (iPSCs). Cells were differentiated by using the experimental

design explained in Chapter 3.1.1.

3.1.1. Experimental Design

Source
bFGF+FGF8+Noggin RA+Shh (SAG) BDNF+GDNF+CNTF+NT3 celltype cells
m E S C MN specification Axon elongation : M N
969 997 1057 ‘I
Briggs
Ascll after dox Ascll after dox Ascll after dox
73 128 55 33 116
Clonal Ascll: 81 BAM: 43
Ascll; 47 Ascll: 73 ) 2
Treutlein
dox+azs MEFa Ol
729 352 404 488 669 .
IPSC
dox M E F(__-—_» 3
729 469 557 694 375 303 Tran

Figure 3.2: Summary of differentiation details of datasets.
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In the study reported by Briggs et al, mESC to MN differentiation was carried
out, cells were transformed using both standard and also direct protocols, but standard
protocol was studied in the scope of this thesis. In standard protocol, mESCs were
seeded for twenty-four hours before the differentiation begins. After twenty-four
hours, mESCs were primed with bFGF, FGF8 and Noggin. In day 2, the cells were
infected with retinoic acid and SAG (Shh agonist) for motor neuron specification
process step In day 7, BDNF, GDNF, NTF and NT3 were added for axon elongation
step. During this experiment, 969 cells were collected at day 0, 997 cells were collected
at day 5, 1057 cells were collected at day 12.

In the study of direct differentiation from MEF to MN by Treutlein et al, MEFs
were differentiated separately targeting designated time points. Day 0 cells did not
undergo any differentiation processes. Day 2, day 5 and day 20 cells were infected
with Ascll after dox induction and collected at the specified time points. A subset of
day 22 cells were infected with Ascll only after dox induction and collected after 22
days, the rest of the day 22 cells were infected with Brn2, Ascll and Myt1l after dox
induction and again collected after 22 days Details about these datasets were
summarized in Figure 3.2.

In the study of MEF to iPSC reprogramming by Tran et al, MEFs were treated
with doxycycline to induce OSKM (Oct4, Sox2, KIf4, Myc) genes and irradiated
MEFs were added into the plate. While the cells that were reprogrammed with FBS-
based protocol did not have any additional treatment, cells that were reprogrammed
with A2S-based protocol were first treated with ascorbic acid and histone
methyltransferase inhibitor named SGC0946 in the starting time point. Then, GSK3
(glycogen synthesis kinase) inhibitor named CHIR-9901 and mitogen-activated
protein kinase (MAPK) inhibitor named PD-0325901 (2i) were added to the plate after
12 hours. While the cells that were reprogrammed with FBS-based protocol were
sampled in days 3, 6, 9 and 12; cells that were reprogrammed with A2S-based protocol
were sampled in days 2, 4 and 6. Mouse embryonic stem cells (MESCs) were untreated
in the FBS-based protocol, however treated with inhibitors and 2i for 2 days in the

A2S-based protocol.
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3.2. Toolboxes and Software

All the analyses were run in R v4.0.2 via RStudio v1.2 using the packages that
are described below. Dimension reduction and clustering were done using Seurat
v3.2.2. Trajectory inference was done using Monocle3 v0.2.0. GO enrichment analysis
was done using clusterProfiler v3.16.1. Spearman correlation for each dataset was
calculated using base R function “cor”. Visual outputs (clustering, trajectory inference
and violin plots) were produced in Seurat and Monocle3 packages. All of the processes
explained above were done in an all-in-one computer with Windows 10 operating
system, 8GB of RAM and Intel Core i5-6200U processor funded by the TUBITAK
ARDEB 1001 project 116S388.

3.3. scRNA-seq Data Analysis

In the studies that the datasets were produced, they analyzed their data according
to their questions of interest. Briggs et al analyzed their dataset to compare standard
and direct differentiation protocols. They used local density gradient clustering and
they visualized their dataset by using tSNE [Briggs et al., 2017] . They inferred
trajectory on tSNE plots by using SPRING package [Weinreb et al., 2017]. Treutlein
et al analyzed their data to focus on intermediate states of the direct differentiation.
They applied hierarchial clustering to the genes and they used older version of
Monocle to infer the trajectory [Treutlein et al., 2016]. Tran et al focused to modify
the reprogramming protocol by using a combination of epigenetic modifiers. They
used older version of Monocle for tSNE clustering and pseudotime trajectory [Tran et
al., 2019].

In this thesis, a streamlined workflow was applied to all datasets for SCRNA-seq
data analysis. The analysess were carried out using two main downstream analysis
methods, which are trajectory inference and gene ontology (GO) enrichment analysis.

Prior to these analyses cells were clustered according to their gene expression profiles.
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3.3.1. Clustering

Clustering is the process of finding subgroups of the cells based on the given
data. In the scope of single-cell RNAseq analysis, clustering is done by using gene
expression values. Clustering is a crucial step for single-cell RNAseq analysis. Since
SCRNA-seq datasets include enormous number of samples (single cells), the most
convenient approach that can be applied to get an overview of the datasets is to check
different (distinct) populations that the single cells originate form.

In the scope of this thesis, Seurat package was used to obtain basic information
about single-cell datasets. With Seurat, cells can be examined according to their gene
expression levels and their distribution in a low-dimensional space, and with the
clustering algorithms, it can be determined how the cells in the dataset are grouped
and how many groups they are divided into. The distribution of cells in the datasets in
low-dimensional space was done using the UMAP (Uniform Manifold Approximation
and Projection) method, and the clustering process was done using the Leiden
algorithm [Traag et al., 2019]. When compared to other dimension reduction methods,
UMAP produces meaningful representations of scRNA-seq data in reduced
dimensions in comparison to tSNE, and UMAP results are more reproducible [Becht
et al., 2019]. These advantages make UMAP more useful in visualization of
transcriptome profiles of single cells in reduced dimensions. In UMAP representation,
cells located close to each other show high resemblance and cells located away from
each other show high difference according to the gene expression profiles. After the
clustering process, marker genes that identify the clusters were detected and GO
analysis was performed to show the biological processes that the marker genes of
clusters were related to. Thus, the cells in each cluster were assigned a cell type based
on the transcriptome characteristics of the clusters.

The genes which were specifically examined for the cellular processes of interest

were shown with violin plots according to the time points and clusters in the datasets.

3.3.2. Trajectory Inference

Trajectory inference is one of the techniques used for inspecting single-cell data

retrieved from time-series processes such as development and differentiation. This

19



technique shows the different molecular routes of cell transformation that took place
and significance of these routes for the process of interest. Because each cell has a
different molecular profile, processes follow a different route in each cell and this
causes asynchrony, which may lead to biases in the analysis of regulatory changes. To
solve the asynchrony problem, cells are sorted according to “pseudotime” values
which are assigned to each cell by using cellular heterogeneity. Pseudotime indicates
where the profile of a single cell fits in timeline of the process of interest. Trajectory
inference analysis finds the expression changes as a function of pseudotime (occurred
along the trajectory).

First step of trajectory inference analysis is retrieval of dataset of interest and its
metadata, followed by loading the data to R environment and then data rearrangement
is done to organize the data in required format by the software tools. Quality control
is applied to remove the low-quality cells with very few detected genes, and also the
genes that are expressed only in a few cells, and also the cells that have high percentage
of mitochondrial gene expression are removed, finally cell data_set object that
Monocle3 uses to store single-cell expression data is created.

After creating cell_data_set object, data is preprocessed by normalizing it via
log transformation and multiplication with a size factor and finally applying principal
component analysis (PCA) which creates a lower dimensional space for the next step.
Then, dimension reduction is applied by using t-stochastic neighborhood embedding
(tSNE) or uniform manifold approximation and projection (UMAP), the latter is more
preferable in single-cell analysis as explain in the previous section. Unsupervised
clustering is applied after dimension reduction step. Afterwards, construction of
trajectory is initiated: Principal graph is learned from reduced dimension space (by
using reversed graph embedding), and cells are ordered (pseudotime values are
calculated) after selecting the starting cells. Order of the cells is determined according
to their location through the developmental program, which are called pseudotime
values.

Once all the steps are completed, inferred trajectory is plotted as shown in Figure
3.3. Black line corresponds to the structure of the principal graph. Circles correspond
to the branch points in the trajectory. Gray circles show the different cell fates, and
black circles show the branch nodes which are the points where branching starts.
Trajectory can also be plotted by coloring according to the pseudotime values as shown

in Figure 3.4.
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Figure 3.4: Example of a trajectory inference result colored by pseudotime.
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3.3.3. Gene Ontology (GO) Enrichment Analysis

Gene ontology (GO) provides a comprehensive database of knowledge about
gene and gene product functions. GO project aims to build structured vocabularies
(ontologies) for crucial areas of molecular biology and connecting terms with
biological sequences and their products [Harris et al., 2004]. Gene ontology is
organized in three classes, which are molecular function (activity of a gene product in
the molecular resolution), biological process (wide-ranging biological perspective that
the molecular function of the gene is organized) and cellular component (location of
the activity of the gene product). Each class includes GO terms which are logically
connected to each other and these terms have linkages to the gene products. These
connections are also called “annotations” [The Gene Ontology Consortium, 2018].

GO is used to interpret the outputs from high-throughput analyses. These outputs
mostly include a set of genes. It is possible to analyse the significantly under- or
overrepresented biological locations, functions or processes in the gene set of interest.
This type of analysis is called GO enrichment analysis [Rhee et al., 2008]. There are a
number of tools available for such analysis. Mostly used tools are BINGO [Maere et
al., 2005], GOrilla [Eden et al., 2009], PANTHER [Mi et al., 2013] and g:profiler
[Raudvere et al., 2019].

In this thesis, R package of clusterProfiler v3.16.1 was used for GO enrichment
analysis [Yu et al., 2012]. The package clusterProfiler uses OrgDbs which are the
organism-specific annotation packages that include the detailed information on
pathways and genes which are members of these pathways [Carlson, 2019]. Retrieved
gene lists in clustering were given as an input to clusterProfiler’s “enrichGO” function
for functional profiling. This function was used with some modified parameters as
explained below:

e Genes that have average log fold change lower than 0.5 are filtered out and the
given list of genes is sorted according to their adjusted p values. P-values were
calculated in clustering step by comparing the expression level of the gene in each
cluster with respect to expression in all other clusters.

e Complete list of genes in each dataset is considered as the ‘background gene list’
for each dataset.

¢ OrgDb is selected as “org.Mm.eg.db” since all the datasets are mouse-based.
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¢ Key type of input gene is selected as “symbol”.

¢ Data source to be used is ‘biological processes’ (BP) database of GO.
e P-value adjustment method is selected as “BH” (Benjamini-Hochberg).
e P-value cutoff is chosen as 0.01.

¢ Q-value cutoff is chosen as 0.05.
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4. RESULTS

4.1. Differentiation of mMESC to MN

To examine the differentiation from mESCs to motor neurons, the count matrix
was downloaded from GEO database with an accession number of GSE97391. Firstly,
cells were clustered, plotted with UMAP algorithm and the genes that define these
clusters were found with Seurat package. Then, the same count matrix and already-
calculated UMAP coordinates were used to infer trajectories according to calculated
pseudotime values of the cells with Monocle package. Summary of all results can be
seen in Figure 4.1.

This dataset consists of 3023 cells in total, which includes 969 cells from day O,
997 cells from day 5 and 1057 cells from day 12. By using Seurat package with default
parameters, it was found that 3023 cells were separated into 11 clusters. These clusters
indicate the groups of cells with similar gene expression profiles. Most of the clusters
consist of the cells collected from the same timepoint, but also the cells from the same
timepoint can be seen in different clusters. As seen in Figure 4.1, two of the clusters
(cluster 0, 3) consist of day 0 cells (MESC), 3 of them (cluster 1, 4, 5) consist of day 5
cells and 6 of them (cluster 2, 6, 7, 8, 9, 10) consist of day 12 cells.

To get more information about the clusters, the cells in different timepoints were
examined according to their clusters and number of cells in the clusters were found for
each timepoint as seen in Figure 4.1B. Additionally, marker genes that represent each
cluster were detected and GO analysis was applied to significant marker genes to
characterize the clusters. With the analysis of the markers, it was found that day 12
cells include different cell types such as astrocytes and myocytes. Markers of each
cluster and GO enrichment analysis results of these markers are in the Supplementary
File 1 and 2 respectively.
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Figure 4.2: Significant GO terms for cluster 0-10 of cells in mESC -> MN process.
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Figure 4.2 shows GO enrichment terms for each cluster in mESC -> MN process.
In these plots, y axis shows the GO terms and x axis shows the number of the genes
that is related with the corresponding term. As expected, some clusters mostly include
neuron-related terms. Although the terms can allow us to interpret these clusters, they
cannot exactly point which cell type these clusters actually represent. Therefore, GO
enrichment analysis finds general terms for each cluster.

After clustering, count matrix and UMAP coordinates calculated in Seurat were
used to infer trajectories in Monocle package for the step of fitting a principal graph
and ordering the cells according to the pseudotime. During differentiation, cells form
two short and one long branch in day 5 and two short branches in day 12 as seen in
Figure 4.1C-D.

4.2. Differentiation of MEF to MN

In this dataset, Treutlein et al. studied the differentiation from mouse embryonic
fibroblasts to motor neurons by using Brnl+Ascl1+Mytll (BAM) factors and Ascll
factor separately, and cells collected in specified timepoints were stored in the same
dataset. The count matrix was downloaded from GEO database with an accession
number of GSE67310. As done in mESC - > MN process, cells were clustered, plotted
with UMAP algorithm and the clusters were found with Seurat package. Later, the
count matrix and pre-calculated UMAP coordinates were used to infer trajectories with
Monocle package. Summary of all results can be seen in Figure 4.3.

This dataset consists of 405 cells in total which includes 73 cells from day 0, 128
cells from day 2, 55 cells from day 5, 33 cells from day 20, 73 cells from day 22 upon
Ascll induction; and 43 cells from day 22 upon induction of Ascll, Brn2 and Mytll.
By using Seurat package with default parameters, it was found that the cells were
separated into 9 clusters. Distribution of the cells collected at the same timepoint into
multiple clusters and the inclusion of cells from multiple timepoints in a single cluster
indicate that there is a high variation of the gene expression profiles of the cells. As
seen in Figure 4.3, two of the clusters (cluster 1, 2) consist of day 0 cells (MEF), two
of them (cluster 0, 1) consist of day 2 cells, two of them (cluster 3, 8) consist of day 5
cells, mainly one of them (cluster 5) consist of day 20 cells and three of them (cluster

4, 6, 7) consist of day 22 cells.
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Figure 4.4: Significant GO terms for cluster 0-8 of cells in MEF -> MN process.

To get more information about the clusters, the cells from different timepoints
were examined according to their clusters and number of cells in the clusteres were
found for each timepoint as seen in Figure 4.3B. Additionally, marker genes that

represent each cluster were detected and GO analysis was applied to significant marker
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genes to characterize the clusters. Markers of each cluster and GO results of these
markers are in the Supplementary File 3 and 4 respectively.

As previously seen in mESC -> MN process, GO enrichment terms found for
clusters in MEF -> MN process show general terms in Figure 4.4. In these plots, y axis
shows the GO terms and x axis shows the number of the genes that is related with the
corresponding term. During the differentiation, some cells were transformed into
muscles instead of neurons. As seen here, these terms are not enough by themselves to
interpret cellular composition of these clusters, therefore more analyses were
conducted in the scope of this thesis, and these unexpected cells were explained in
“Discussion”.

As done in the mESC -> MN process, Monocle package was used with the count
matrix and UMAP coordinates from Seurat to infer trajectories. During the direct
differentiation, cells form a small branch in day 2 and the differentiation takes place
in two distinct differentiation routes due to the different treatments.

4.3. Reprogramming of MEF to iPSC

Tran et. al examined the differentiation from MEF to iPSCs in two different
protocols as explained in Experimental Design section. Authors stated in the paper that
reprogramming of the cells to iPSC is more accurate in A2S-based protocol than FBS-
based protocol. The count matrix was downloaded from GEO database with an
accession number of GSE108222. Cells from A2S-based protocol and cells from FBS-
based protocol were separated from the dataset and the following steps were applied
to each group separately. As done in the previous datasets, cells were clustered, plotted
with UMAP algorithm and the genes that define these clusters were found with Seurat
package. Then, the same count matrix and pre-calculated UMAP coordinates were
used to infer trajectories with Monocle package. Summary of all results can be seen in
Figure 4.5 and Figure 4.6.
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This dataset consists of 2642 cells from A2S-based protocol, which includes 729
cells from day 0, 352 cells from day 2, 404 cells from day 4, 488 cells from day 6 and
669 cells from the last timepoint; and 3127 cells from FBS-based protocol, which
includes 729 cells from day 0, 469 cells from day 3, 557 cells from day 6, 694 cells
from day 9, 375 cells from day 12 and 303 cells from the last timepoint. By using
Seurat package with default parameters, it was found that the cells from A2S-based
protocol were separated into 9 clusters and cells from FBS-based protocol were
separated into 10 clusters. Similar to the other datasets, there is a high variation of the
gene expression profiles in both of the cell sets as can be seen in the distribution of the
sampled cells from the same timepoint into the multiple clusters and the inclusion of
cells from multiple timepoints in a single cluster. In the cells at middle timepoints
(d6/d9/d12 in FBS-based protocol, d4/d6 in A2S-based protocol), there is no distinct
separation, indicating that there is no significant difference between them. As seen in
Figure 4.5 and Figure 4.6, cells in each timepoint are represented in two or three
distinct clusters.

To get more information about the clusters, the cells in different timepoints were
examined according to their clusters and number of cells in the clusters were found for
each timepoint as seen in Figure 4.5B and Figure 4.6B. Additionally, marker genes
that represent each cluster were detected and GO analysis was applied to significant
marker genes to characterize the clusters. Markers of each cluster and GO results of
these markers are in the Supplementary File 5 and 6 for MEF -> iPSC process with
A2S-based protocol; and in the Supplementary File 7 and 8 for MEF -> iPSC process

with FBS-based protocol respectively.
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Figure 4.7: Significant GO terms for cluster 0-8 of cells from A2S-based protocol in
MEF -> iPSC process.
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Figure 4.8: Significant GO terms for cluster 0-8 of cells from FBS-based protocol in
MEF -> iPSC process.

As seen in previous datasets, GO enrichment terms found for clusters in MEF -
> iPSC process show general terms in Figure 4.7 and Figure 4.8. In these plots, y axis
shows the GO terms and x axis shows the number of the genes that is related with the
corresponding term. Two different protocols show similar but not the same GO terms

in each set. More detailed results were found with trajectory inference. With Monocle,
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reprogramming trajectory was inferred for both cell sets by using count matrix and
UMAP coordinates calculated in Seurat. Cells form more complex branches with FBS-

based protocol, whereas branching is more distinctive with A2S-based protocol.
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5. DISCUSSION

MRNA measurements (SCRNA) collected from single-cell samples are an
invaluable source of information in terms of indicating the diversity in cell populations
that are transforming and in terms of allowing the mechanisms to be studied in single-
cell resolution. Having gene expression levels from each individual cell brings a higher
resolution and it allows novel ways of analyses when compared to having gene
expression levels from bulk measurements. In the scope of this thesis; single-cell
analyses showed how the cells were clustered and how branching of the cellular
profiles to  different fates took place while the cells were
differentiating/reprogramming. With the further analyses, the correlation coefficients
of the genes according to the pseudotimes and the genes that have the driving role in

the process were found and explained in this section.

5.1. Trajectory Inference

In the differentiation process from mESC to MN, cells in day 5 start to lose their
ESC profiles and divide into two main branches. One of these branches mainly consists
of day 5 cells, indicating that these cells might lose their pluripotency to differentiate
into neurons; whereas the other branch consists of a small part of day 5 cells and all
day 12 cells, indicating that differentiation into neuron takes place in this branch. Day
12 cells are highly heterogeneous since they include different cell types other than
neurons. Therefore, they divide into two small branches. Longer small branch goes to
myocytes, oligodendryocytes and stromas which are completely different phenotypes
compared to neurons; shorter small branch goes to astrocytes, which are closer cell
type to the neurons.

Trajectory inference result of of MEF -> MN process shows that MEFs from two
different profiles start to differentiate and create a branch in day 2, which indicates that
there is a different gene expression profile in the new branch compared to the cells in
the main trajectory. Also, there is a sharp distinction in cells from day 20/22, which is
caused by use of two different differentiation protocols. Based on the classification of
the marker genes, Treutlein et. al reported that differentiation using BAM factors is

more successful than the differentiation using Ascl1 only. In this dataset, it is seen that
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there are other cell types such as myocytes among day 22 cells differentiated using
Ascll. This situation was interpreted by authors as follows: Brn2 and Mytll genes
suppress the differentiation into other cell types, and the cells are able to differentiate
into different cell types in the absence of these genes. Effects of these genes can be
seen as a sharp bifurcation in the trajectory results, meaning these genes have a
substantion role in separating differentiation into two different routes.

In the trajectory inference result of the cells reprogrammed with FBS-based
protocol, it is seen that cells go through a complex reprogramming processes from less
heterogeneous MEF population to a highly heterogeneous iPSC population, hence the
trajectory inference algorithm cannot determine a main trajectory graph in this dataset,
unlike in the other datasets. In the trajectory inference result of the cells reprogrammed
with A2S-based protocol, reprogramming creates less heterogeneous clusters
compared to the other protocol, which led A2S inhibitors made the reprogramming
process more accurate. And it is also seen that day 2 cells and day 4/6 cells were
separated to create new small branches. This might show that the cells on the small
branches were not dedicated to be reprogrammed into iPSCs as much as the other cells

in the main trajectory path.

5.2. Stochasticity and Determinism of the Processes

The fact that cell populations that are being differentiated or reprogrammed can
be quite heterogeneous, the ability to order the cells according to their pseudotime
values while taking into account the gene expression profiles, and the possibility of
these highly correlated genes being the driver of the other differentiation processes are
shown in this section. Having highest correlations in the triggered or suppressed genes
supports our assumption.

Inferred trajectories of these processes show us which routes the cells can follow
while differentiating or reprogramming. If these trajectories are examined closely, it
can be seen that some cells can give rise to some major and minor branches in each
trajectory. By examining the way of their branching, these processes can be evaluated
according to their stochasticity and determinism. It can be assumed that the branches
that divert from from the main trajectory are formed by the cells that lost their

dedication on completing the transformation to the target cell type. It can be assumed
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that these cells behaved stochastically despite the external signals that direct them to
target cell profile. The other cells which stayed on the main trajectory can be
interpreted to behave as expected. It can be assumed that changes in these cells are
deterministic and has been following the route dictated by the external signals in the

growth medium.

5.2.1. Profiles of the Marker Genes

To learn more about determinism and stochasticity of the processes, marker
genes from the cell types were examined. Marker genes were selected from the
literature and from the results of the data analysis and maximum 6 genes were selected
per cell type. Since some genes could not be detected in these single-cell datasets,
some panels do not include all the marker cells that were chosen.
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Figure 5.1: Violin plots of (A) pluripotency and (B) neuron marker genes from
MESC -> MN process (Briggs et al, 3029 cells from three timepoints).

In the violin plots of Figure 5.1, while pluripotency marker genes is expressed
highly in mESCs, they almost completely vanished in day 5. This indicates that

pluripotency phenotype is completely gone in the first five days of the experiment. In
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Figure 4.1B, neuron markers which were expressed in very few amount of cells
increased in day 5, but they partially decreased in day 12. These profiles support that
the cells were diverted away from being neurons in day 12. Re-expression of Stat3 and
Sox2 genes indicates the emergence of different cell types that these genes are
functional in.

In the violin plots of Figure 5.2A-B, markers from MEF-> MN were examined,
pluripotency markers were given in Figure 5.2C for comparison. Figure 5.2C shows
that a group of cells consistently express Stat3 and KIlf4 genes higher, and no
expression of other pluripotency markers indicates that the cells in MEF -> MN
process were never got in pluripotency stage and cells differentiated directly to the
neurons from MEFs. Cells that express Pou3f2 (Brn2) and Mytll at day 22 are the
cells from BAM experiment and the number of these cells are presented in the Venn

schemes below.
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Figure 5.2: Violin plots of (A) MEF, (B) neuron and (C) pluripotency marker genes
from MEF -> MN process (Treutlein et al, 405 cells from five timepoints, Ascll only
and BAM experiments included).
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B) mESC -> MN and (C, D) MEF -> MN processes.

The percentage of cells that express neuron markers in the experiment of mESC
-> MN is given in Figure 5.3A-B. the percentages outside of the circles represent the
cells that cannot express any of these genes. The percentages of cells that express all
three of the markers mutually is very low. In the experiment of MEF -> MN where
Ascll was triggered only, most of the cells were able to express Ascll, and none of
the cells expressed the other two markers mutually as seen in Figure 5.3C. However,
three of the markers could be expressed in 46.5% of the cells from the experiment of
MEF -> MN where BAM factors were triggered. The expression levels of these genes
in motor neuron generation processes were given in Figure 5.4. Gene expression levels
increased while cells are differentiating, this increase is particularly evident in the
dataset of Briggs et al, where the starting cells are mESC, and having a positive
correlation of gene expression levels with the pseudotime values also suits these
profiles. It is seen that Gsk3b, located under the WNT pathway, is an important gene

in the formation of neuron profile as well as playing a role in the exit from
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pluripotency, and this effect can be observed at the level of gene expression. It is likely
this event to take place through Myc, a gene that is suppressed by GSK3B. The
expression levels of the Myc gene were negatively correlated (-0.496 and -0.211) with
the pseudotime values in Ascll and BAM experiments. It was reported that the Myc
gene affects neuron development [Zinin et al., 2014], these analyses indicate that Myc
Is regulated by Gsk3b in this process. By using this data within the scope of this thesis,
it can be anticipated that the Myc gene has a driving role in the formation of neuron
cells, and triggering this gene directly or through suppression of Gsk3b will accelerate

the process and make it more accurate.
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Figure 5.4: Expression levels of Gsk3b gene in mESC -> MN and MEF -> MN
processes.

The change of the marker genes of MEFs and mESCs with respect to time in the
MEF -> iPSC process was given as violin plots in Figure 5.5 and Figure 5.6. In the
study from Tran et al, all of their results include iPSCs; however, their experiments
and dataset do not include iPSCs but mESCs. Since iPSCs and mESCs are close to

each other according to their pluripotency, mESCs can be assumed as the final
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timepoint for this dataset, and further analyses except the calculation of correlation

based on pseudotime values were done based on this assumption.

In the

reprogramming of MEF to iPSC with A2S-based protocol, expression of MEF markers

were decreasing by time, which shows that MEF phenotype was disappearing. Also,

there is a noticeable increase in the expression of pluripotency markers by time. But a

similar decrease in the expression MEF markers cannot be seen in the reprogramming

with FBS-based protocol, and the increase in the expression of pluripotency markers

is also not noticeable with this protocol.
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Figure 5.5: Violin plots according to the expression levels of (A) MEF, (B)
pluripotency markers in MEF -> iPSC process (Tran et al, 2642 cells from five
timepoints, the experiment that OSKM was triggered and inhibitor was added — A2S-

based protocol).
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Figure 5.6: Violin plots according to the expression levels of (A) MEF, (B)
pluripotency markers in MEF -> iPSC process (Tran et al, 3127 cells from five
timepoints, the experiment that OSKM was triggered in FBS medium — FBS-based
protocol).

The percentage of cells that expressed marker genes at a high level in the MEF
-> iPSC process conducted by Tran et al were given in Figure 5.7. In these
experiments, the Nanog gene was not triggered, but Nanog expression was high in
most cells. And although the other two genes were triggered, they were not expressed
in many cells.In the A2S experiment where the inhibitors were also used, three of the

markers could be expressed in most cells.
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Figure 5.7: The percentage of cells that expressed marker genes at high levels from
(A, B) A2S-based protocol and (C, D) FBS-based protocol in MEF -> iPSC process.

5.3. Analysis of the Driver Genes

The datasets analysed in this study were from diverse experimental designs,
hence integration of the raw datasets was not possible. However, it is possible to
compare how the trajectories are regulated in these three processes by using the
changes in cell states with respect to the pseudotime.

The "driver genes" concept has been developed to identify the genes that are
assumed to be related to differentiation processes. Genes that have this relation can be
used to separate the cell profiles and can be directly related to pseudotime values that
were used to ordercells on the trajectories. To find the driver genes, Spearman
correlation coefficients were calculated with the gene expression levels and the
pseudotime values. Spearman correlation was chosen instead of Pearson to prevent
biases in correlation coefficients of very highly expressed genes, and to avoid the

assumption of linear relationship between gene expression levels and pseudotime
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values. If the expression level of a gene increases or decreases in cells compared to
other genes as pseudotime values of cells increase, regardless of whether this increase
or decrease is linear, that gene may be a 'driver gene' or it may be regulated by one of
the driver genes. Functions of the genes with high correlation coefficients were
examined together to find driver genes or the genes that regulate driver genes. Due to
the prominence of pluripotency pathways in the investigated processes, only the
correlations of genes in this pathway with pseudotime values are given in Table 5.1.
The correlation coefficients larger than 0.2 and smaller -0.2 were shown in pink and
green colours on Table 5.1, the threshold of 0.2 corresponds to smallest absolute
correlation coefficient that is significantly different than O (Fisher's z-test, adjusted p-
value = 0.05, corrected by using Bonferroni method), and important transcription
factors were written in bold.

mESC -> MN column in Table 5.1 refers to the cells that exit from pluripotency
and show that important transcription factors (TFs) for pluripotency have negative
values (according to pseudotime values). Some of these TFs are Nanog, Sox2, Klf4,
Poubfl (Oct4) which are OSKM genes but excluding M, Esrrb and Thx3. While their
pseudotime values increased, expression levels of these genes decreased. Therefore,
this decrease of the activities of these TFs can be a “driver” for this cell differentiation
process. Same genes in MEF -> iPSC column have a positive correlation and they have
a driver role in the reprogramming process. KIf4 gene is an exception here and it is
understood that this gene has no role in in MEF -> iPSC process. Myc gene is the last
one in OSKM factors, however it is seen that this gene has no active role in
reprogramming and differentiation processes according to these datasets. These results
indicate that K and M of OSKM factors have no critical role in these processes
[Buganim et al., 2013].

Stat3 gene, which regulates the driver genes of Oct4, Sox2 and Nanog, has a
driver role only in MEF -> iPSC process and has no effect on gene expression levels
in MESC -> MN process.
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Table 5.1: Correlation coeffcients of the gene expression in pluripotency pathways
with pseudotime values.

PP Gene | iPSC -> MN | MEF -> MN ME'(:A;S')PSC ME(FF'I;S')PSC
Acvrl 0.070 -0.051 -0.500 -0.379
Acvrib -0.062 -0.062 0.040 0.019
Acvric :0.242 0.068 0.000 0.000
Acvr2a 0.041 0.098 10.233 20.191
Acvr2b -0.148 0.044 0.244 0.274
Aktl 0.182 -0.133 :0.646 :0.492
Akt2 20191 0.402 -0.118 20.222
AKt3 0.017 0.174 :0.280 20.209
Apc -0.022 0.098 -0.108 -0.150
Apc2 0.102 0.101 -0.035 0.048
Axinl :0.287 :0.185 -0.077 -0.139
Axin2 0.074 0.184 0.266 0.058
Bmp4 20.164 :0.234 -0.170 :0.186
Bmpria | -0.055 0.132 20.338 20.214
Bmprib |  -0.120 0.051 :0.348 20.313
Bmpr2 0.085 0.105 -0.580 :0.428
Ctnnb1 0117 0.056 -0.164 -0.256
Dusp? :0.426 -0.151 0.192 0.120
D1 -0.054 20.014 :0.288 -0.261
DvI2 :0.250 -0.068 0.174 0.079
DvI3 -0.179 0.201 0.015 -0.006
Esrrb :0.695 0.000 0.733 0.434
Fzd1 0.270 0.050 20.444 0.272
Fzd10 0111 0.000 0.383 0.135
F2d2 0.327 :0.095 :0.566 :0.434
Fzd3 -0.150 0.035 20.279 -0.081
Fz04 :0.088 :0.007 -0.059 20.077
Fzd5 -0.465 20.074 0.359 0.183
Fzd6 20123 20.261 20.232 -0.165
Fzd7 20.046 :0.094 :0.587 :0.255
F2d8 0.035 0.026 20.307 -0.268
F2d9 -0.036 0.137 0.124 0.074
Grb2 :0.284 0.092 -0.032 -0.195
Gskab :0.021 0.256 -0.128 20.129
ld1 20.377 -0.066 :0.574 :0.357
1d2 20.004 0.116 20.378 20.176
1d3 0.103 :0.027 20.570 :0.524
ld4 0.225 0.074 20.397 20.234
ll6st 0.136 0.062 20.372 :0.388
Inhba 20.131 -0.574 20.534 20472
Inhbb :0.106 :0.105 :0.262 20.231
Inhbc 20.097 0.000 0.000 0.000
Inhbe :0.078 0.000 0.000 0.000
Jaki :0.056 0.004 :0.665 :0.568
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Table 5.1 Continued.

Jak2 0.149 -0.129 -0.385 -0.255
Jak3 -0.185 -0.005 0.234 0.057
KIf4 -0.521 -0.079 0.186 -0.126
Lif -0.091 -0.080 -0.123 -0.096
Lifr -0.229 -0.138 0.045 0.034
Map2k1 -0.195 0.219 -0.211 -0.324
Map2k?2 -0.414 -0.077 -0.202 -0.261
Mapk1l -0.150 -0.123 -0.307 -0.279
Mapk3 -0.028 0.019 -0.413 -0.203
Myc -0.068 -0.216 -0.490 -0.253
Nanog -0.636 -0.051 0.806 0.478
Nodal -0.371 0.000 0.550 0.382
Pik3ca -0.091 0.176 -0.401 -0.295
Pik3ch -0.255 0.035 -0.100 -0.006
Pik3rl 0.142 0.090 -0.224 -0.129
Pik3r2 -0.077 -0.002 -0.078 -0.051
Pik3r3 0.024 0.161 0.016 -0.037
Pou5fl -0.768 -0.040 0.506 0.418
Smadl 0.088 0.089 -0.279 -0.215
Smad2 -0.135 -0.066 -0.198 -0.218
Smad3 0.066 0.028 -0.363 -0.296
Smad4 -0.013 -0.066 -0.286 -0.245
Smad5 0.053 0.021 -0.352 -0.237
Smad9 -0.150 -0.039 -0.229 -0.180
Sox2 -0.576 0.056 0.741 0.505
Stat3 -0.051 -0.140 -0.437 -0.322
Thx3 -0.448 0.030 0.536 -0.096
Tcf3 -0.151 -0.072 -0.114 -0.097
Tcf7 -0.104 -0.008 0.159 0.205
Wntl -0.044 0.000 0.000 0.000
Wntl0a -0.057 -0.177 -0.030 -0.050
Wnt10b -0.073 0.000 -0.034 -0.011
Wntll -0.027 0.047 -0.253 -0.256
Wnt16 -0.165 -0.078 -0.044 -0.009
Wnt2 -0.035 -0.080 -0.225 -0.139
Whnt2b -0.079 0.015 -0.061 -0.046
Wnt3 -0.086 0.039 0.052 0.071
Wnt3a -0.168 0.000 0.058 0.085
Wnt4 -0.157 -0.020 -0.281 -0.191
WntSa 0.204 -0.248 -0.690 -0.602
Whnt5b 0.152 0.105 0.004 -0.034
Wnt6 -0.141 0.000 0.065 0.039
Whnt7a -0.027 0.023 0.019 0.018
Whnt7b -0.301 0.000 0.077 0.075
Wnt8a -0.066 0.000 0.065 0.000
Wnt9a 0.048 0.012 -0.275 -0.180
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MEF -> MN process follows a route different from the two other processes and
Inhba gene seems to be the most effective gene on this process. This gene takes part
in TGFbeta pathway and is thought to have a driver role on suppression of TGFbeta
pathway in differentiation process from MEFs to MNs.

By examining signaling molecule families in Table 5.1, it is also seen that which
protein of each family has a driver role in the processes. For example; genes such as
Inhba gene in Inhb family, Wntb5a in Wnt ligands family, 1d4 in Id family, Jak1 in Jak
family are seen as having decisive roles in the development trajectory compared to
other family members. Other members of these families have roles in the functions of
same signaling pathway of different cell types, but they have no effect in the processes
we examine in the scope of this thesis.

Taking into account the analysis results on the accuracy of determining the
“driver genes”, successful aspects and shortcomings of these experiments were also
examined. In the experiment done by Briggs et al, it was planned to differentiate cells
into motor neurons, but these cells start to lose their MN profiles in day 5. In two
experiments done by Treutlein et al, Ascll gene was not enough to take control of
IPSC to MN differentiation, but this gene became useful and the differentiation
protocol became more effective when combined with Pou3f2 (Brn2) and Myt1l. Driver
genes that affect neuronal differentiation were studied by comparing driver genes in
these three processes.

In the experiment that Ascl1l gene was triggered only, 35 genes had correlation
higher than 0.5; but in the experiment that BAM factors were triggered, 525 genes had
correlation higher than 0.5. GO term enrichment analysis of these 525 genes show that
these genes are directly related to the neuron development and it was understood that
BAM factors tightly regulate neuronal differentiation processes. However, triggering
only the Ascll gene could not regulate the processes in a similar way. Genes that have
correlation higher than 0.5 in both Ascl1- and BAM-triggered experiments were added
to Table 5.2 to compare Brn2, Mytll and the other datasets. Gsk3b is a gene that takes
part in pluripotency pathways, is suppressed by Wnt signaling pathway and makes the
formation of pluripotency and conservation easier by suppressing the gene using
inhibitors. This gene has the correlation coefficient of 0.26 in the analysis where Ascl1
and BAM experiments of MEF to MN differentiation were evaluated together in Table

5.2 and has high and positive correlation in both experiments. It can be assumed that
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Gsk3b gene can make the exit from pluripotency faster when triggered and can have a
driver role in neuron formation.

The number of genes that have negative correlation and has a decreasing gene
expression level during the differentiation process is 443 in Ascll experiment, 304 in
BAM experiment, and the number of common genes is 82. Among these genes,
“extracellular matrix component” term is significantly common. It is understood that
while the cells are losing their MEF profile, the expression of a group of extracellular
matrices also decreases and this group also plays a driver role in this process, or is

suppressed by the effect of a strong driver regulator.

Table 5.2. Correlation coefficients of the expression of driver genes in terms of
pseudotime values in Ascll and BAM-triggered experiments.

MEF->MN [MEF->MN] . MEF->iPSC| MEF->iPSC
PPGene | " ascry) | Bamy | PSCTMN T A0g) (FBS)
Ascll 0.642 0.685 0.075 0.000 0.000
Mytll 0.099 0.638 -0.126 0.016 0.000
Pou3f2 0.056 0.720 0.292 -0.010 0.000
Ncoal 0.718 0.507 -0.176 -0.041 -0.074
Snca 0.595 0.705 -0.132 0.022 -0.018
Tmem181c|  0.585 0.550 0.000 0.000 0.000
Gsk3b 0.584 0.570 -0.150 -0.154 -0.032
Klhi24 0.579 0.505 -0.308 -0.040 0.190
MTA 0.535 0.760 0.000 0.000 0.000
Prune2 0.533 0.606 -0.185 -0.132 -0.158
Zfp238 0.532 0.506 0.000 0.000 0.000
Gdpdl 0.527 0.618 -0.045 0.004 -0.075
Hsf2 0.524 0.575 -0.657 0.013 -0.088
Fry 0.522 0.601 -0.114 0.098 0.081

Results of these analyses show that there are some genes that drive these
processes and considering these genes while developing new differentiation and
reprogramming strategies would be highly beneficial to increase the efficency and
efficacy of these processes.
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5.4. Comparison of Previous Analyses to Current Analyses
and Technical Challenges

This section provides a comparison of the initial analysis of the datasets and the
re-analyses performed in this study. The technical limitations of the study are also
briefly discussed.

The study that reported the first data set used in this study (Briggs et al., 2017)
aimed comparison of standard and direct protocols for differentiation of ESCs to motor
neurons (MNs). Three biological questions were answered in the study: 1. How does
direct protocol bypass progenitor states, 2. Which intermediates were skipped, and
finally, 3. Does direct protocol fully converge to the final state? Trajectories and
efficiencies of the two protocols were compared to be able to address these questions.
Interestingly, the marker genes were investigated by averaging their expression values
in sub-populations and presented as a heatmap of average values, which hindered the
potential of the study to reveal the transcriptional heterogeneity of the subpopulations.
Relating the gene expression to trajectories (or pseudotimes) was not attempted in the
study. Further, the trajectories were not investigated as a continuum of cell states, but
instead treated as a series of discrete sub-states. In this re-analysis study, investigation
of gene expression data from cells that were exposed to direct protocol revealed not
only the subpopulations but their relative states on the pseudotime, genes that are
directly correlated to the pseudotime and the heterogeneity of gene expressions.

The study that reported the second data set used in this study (Treutlein et al.,
2016) aimed comparison of two protocols for differentiation of MEF cells to MN cells.
First protocol involved induction of transcription factor Ascll only, whereas second
one involved induction of all three BAM factors. The second protocol led to fewer off-
target cells as the two additional factors, Brn2 and Myt1l blocked the pathways which
led the cells to myocyte fate. The clusters of cells and GO terms related to genes
specific to each cluster were investigated. Two phases were observed during the
differentiation process, initiation and maturation phases. In addition, a covariance
network of the transcription factors was constructed, the data was partitioned into three
stages and hence, three stage-specific networks were constructed. This approach
assumes that cells change their regulation programme through out the process,
however does not consider the continuity of cell states which was demonstrated in the

trajectory analysis. The trajectories of the cells were investigated in relation to
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neuronal phenotype, however the quantitative relationship between the pseudotime
and gene expression was not studied.

The study that reported the third data set used in this study (Tran et al., 2019),
compared two reprogramming processes from MEF to iPSCs, in the first protocol only
OSKM factors were induced, in the second protocol, in addition to OSKM induction,
inhibitors were used. The second protocol was more efficient as the cells were not able
to divert to alternative cell fates. The clusters of cells and GO terms related to genes
specific to each cluster was investigated. The trajectories of the cells and day-specific
regulation networks were constructed. Once more, although the trajectories indicated
a continuum of cell states, genes were not quantitatively investigated with respect to
pseudotimes.

In this study, all three datasets were investigated via the same data analysis
pipeline, more advanced versions of the tools were used such as use of UMAP instead
of tSNE used in the studies described above. Monocle 3 was used for construction of
trajectories, which has improvements over the previous versions in terms of data
handling and trajectory calculations. Investigation of cell clusters and GO terms
enriched among genes specific to each cluster was done as a pre-analysis of the data
sets. The trajectories were constructed, their structure allowed analysis of
heterogeneity of the routes followed by the cells, which is closely related to the
experimental protocol. Processes tightly regulated via the experimental protocol led to
less heterogeneous routes whereas loosely regulated processes led to highly
heterogeneous routes. Nevertheless, the trajectories revealed that cells states are in a
continuum, hence genes which are expressed along that continuum should be driver
genes of the process or under direct regulation of the driver genes. Such genes were
found by using rank-based Spearman correlation coefficients to avoid linearity
assumption. One interesting discovery, not attempted by any of the three studies, was
identification of signalling pathway components being expressed in correlation with
the pseudotime. This result indicated that during the differentiation and
reprogramming processes, the signalling pathways are not only triggered via ligand-
receptorinteractions or transcription factors but also via transcriptional regulation of
the pathway components. Induction of these components in the experimental protocols
can further increase efficiency of these processes.

Working with scRNA data has a number of technical difficulties and currently

there are no optimal solutions for these difficulties. One such difficulty is integration
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of datasets from different sources. This study was initially designed with the aim of
integrating the datasets prior to data analysis and performing a unified analysis of all
processes, including the trajectory inference steps. However, data from different
experiments has to be batch corrected prior to integration, and batch correction
methods tested did not produce satisfactory results (results not shown) in pre-analysis
steps such as clustering. Therefore, the datasets were analysed separately.

SCRNA data is often used to identify the cell types in a tissue or cell culture.
However, cell type identification has also some challenges. SCRNA data has a large
fraction of missing values, therefore use of few well-known cell markers is usually not
adequate. Most studies, including the three studies mentioned above, do the cell type
assignment solely based on clustering. However, clustering can be biased due to a
subset of very variant genes or drop-out events. The analyses in this study
demonstrated that clusters may be composed of different cells types (results not
shown) and cell type identification has to be done via more sophisticated algorithms
rather than clustering. The purpose of this study was not cell type identification, on the
contrary, analysis of heterogeneity in the whole population was aimed, hence cell type
identification was not done.

Trajectory inference methods are still being improved for better performance.
One difficulty in this study was using trajectory inference methods on time series data.
The inferred trajectories often violate the natural ordering (order of time) of the cells,
indicating that very variant genes or perhaps drop out events heavily influence the
algorithm and introduce biases to the results. Hence, in this study the parameters had
to be optimized for results that satisfy the natural ordering and reveal the true
heterogeneity in the routes. Better performing inference methods need to be developed

for more reliable trajectory results.
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6. CONCLUSION

Single-cell studies has started to change the perspective of the scientists on how
the biological processes can be investigated. Increase in the data resolution improved
the interpretation of these processes. In the scope of this thesis, datasets from
differentiation and reprogramming processes by single-cell sequencing were retrieved
from literature. By using the cellular heterogeneity, it can be seen how single cells
behave in each timepoint during the differentiation and cellular states that can not be
detected with conventional techniques can be uncovered. Studying single-cell RNA-
seq data allows us to reveal how the cells are grouped, what those groups
approximately represent, what the main elements that cause this grouping are, which
routes the cells follow and what kind of branches form during their transformation and
finally, how cellular states represented by these branches are driven by master
regulators. This thesis aims to answer these questions.

Datasets studied in the scope of this thesis are created by collecting cells from
mESC to MN differentiation, MEF to MN differentiation, MEF to iPSC
reprogramming processes. Analysis of mESC to MN differentiation shows that cells
start to become neurons in earlier timepoint and the cells evolve to non-neuron cells in
later timepoints. Analysis of MEF to MN differentiation takes place efficiently when
the cells are induced with BAM factors instead of Ascl1 factor only. Analysis of MEF
to iPSC reprogramming shows that the cells become more dedicated to reprogrammed
when A2S-based protocol was applied, and the cells behave with more complexity
when FBS-based protocol was applied. Further, an evaluation of the deterministic and
stochastic progress of cell states, and regulators of the trajectories were presented.

These results are based on one dataset for each differentiation route due to
absence of such studies while this thesis study was conducted. More datasets from the
same differentiation routes can be studied in a streamlined workflow to find more
robust results. Even though some basic analysis were already done in the studies where
these datasets were generated, any additional analysis was not included in these
studies. Necessary and more detailed analysis were done in the scope of this thesis.

This thesis focuses on the analysis of differentiation/reprogramming processes
by using clustering and trajectory inference. These analyses show the basic

characteristics of the transformation processes. More insights can be found by studying
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ligand-receptor interactions that occur in each cell, which can unravel what kind of
community behaviors these cells have during the differentiation.
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Appendix B: Other Appendices

Supplementary files mentioned in the thesis are provided in the electronic format

and listed below:

e Supplementary File 1: Markers of each cluster in mESC — MN process

e Supplementary File 2: GO enrichment analysis terms of the cluster markers in
mESC — MN process

e Supplementary File 3: Markers of each cluster in MEF — MN process

e Supplementary File 4: GO enrichment analysis terms of the cluster markers in
MEF — MN process

¢ Supplementary File 5: Markers of each cluster in MEF — mESC process with
A2S-based protocol

e Supplementary File 6: GO enrichment analysis terms of the cluster markers in
MEF — mESC process with A2S-based protocol

¢ Supplementary File 7: Markers of each cluster in MEF — mESC process with
FBS-based protocol

e Supplementary File 8: GO enrichment analysis terms of the cluster markers in

MEF — mESC process with FBS-based protocol
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Files that contain the markers of each cluster consist of 6 columns. “p val”
column shows unadjusted p-values calculated with Wilcoxon Rank Sum test,
“avg_logFC” column shows log fold-change of the average expression between the
cells in the related cluster and all cells. “pct.1” column shows the percentage of cells
where the corresponding gene is detected in the related cluster. “pct.2”” column shows
the percentage of cells where the corresponding gene is detected in the all cells.
“p_val_adj” shows adjusted p-values based on Bonferroni correction.

Files that contain the GO enrichment analysis terms of each cluster markers
consist of 9 columns. “ID” shows the identifier numbers of the GO term in the
corresponding line. “Description” shows what that GO term describes. “GeneRatio”
shows the number of genes that represent the related GO term in the given list of genes
divided by total number of the genes in the given list for GO enrichment analysis.
“BgRatio” shows the number of genes that represent the related GO term in the all
genes in the dataset divided by total number of the all genes. “pvalue” shows the p-
values of the corresponding term calculated with Fisher’s Exact Test. “p.adjust” shows
the adjusted p-values based on Benjamini-Hochberg correction. “qvalue” shows the
adjusted p-values based on false discovery rate approach. “genelD” shows the gene
symbols in the given list. “Count” shows the number of genes that represent the related

GO term in the given list of genes.
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