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Abstract
Recent advances in sequencing technology have given access to information extracted on a
single cell level. Single cell RNA sequencing enables for transcriptomes to be sequenced,
allowing for studies within and between cell types. A recently developed protocol, based on
Smart-seq2, and the Proximity ligation essay, allows for the detection of protein data from
single cells, in parallel with RNA. The combination of the transcriptomic and proteomic data
will enhance researchers’ ability to explore cell states. In this study, we are comparing a new
pulldown protocol with the widely-used Smart-seq2, as well as against FACS sorted cells.
Our results show differences in the RNA sequenced between the two protocols, as well the
prediction of cell cycle state based on their data. Using RNA extracted from the pulldown
protocol in different time points, we also calculate the direction of development for the cells.
We expect that the incorporation of proteomic data will shed light to relevant biological
questions related to the cell function.
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Recognizing biological and technical differences in Single
Cell RNA sequencing: A comparison of two protocols
Popular Science Summary
Dimitrios Bampalikis

All living organisms are built by cells; some of them, such as bacteria, consist of only one,
while others, such as humans, consist of trillions. Extracting information and being able to
analyse the cell, is a core tool for understanding the mechanisms involved in everyday life.
Nowadays, it is possible to extract information in the level of single cell, whether that is DNA
or RNA. Especially, advancement in sequencing technology, coined Next Generation
Sequencing (NGS) technologies, has made it possible to analyse thousands of genes at the
same time in a single cell.
Currently, well established methods/protocols exist for extracting RNA in single cell level.
scRNA analysis allows for a snapshot of the current state of the cell, hiding the information
regarding its development. Including the protein information in the analysis, would enable for
further understanding of dynamic cellular processes (such as state transition) as well as cyclic
processes (such as the cell state). To incorporate this protein data, new protocols are being
established that allow for determining the levels of proteins and mRNA in single cells. One
method for analysing protein and RNA data at the single cell level has been developed at the
Science for Life single cell protein facility.
The thesis presented here is focused on comparing two protocols used for scRNA extraction:
the well-established and widely used Smart-seq2 and the proposed pulldown. Throughout the
thesis, difference between the two protocols are being recognized, using bioinformatics tools
and techniques. These differences are then explained and characterized as technical and
biological, aiming to examine whether the new protocol is introducing bias in comparison to
the established methods. During the analysis of the differences and the comparison with a
third, independent method, the biases for the pulldown and the Smart-seq2 were
approximately in the same levels.
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CCA

Canonical Correlation Analysis

DNA

DeoxyriboNucleic Acid

FACS

Fluorescence Activated Cell Sorting

LMC

Laser Capture Microdissection

MACS

Magnetic Activated Cell Sorting

NGS

Next Generation Sequencing

PCA

Principal Component Analysis

PEA

Proximity Extension Assay

RNA

RiboNucleic Acid

RPKM

Read Per Kilobase of transcript per Million

scRNAseq

Single Cell RNA Sequencing

tSNE

tDistributed Stochastic Neighbour Embedding

UMIs

Universal Molecular Identifiers
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1 Introduction
Sequencing in broad terms is the determination of the order of the nucleic acids. The rise of
high throughput sequencing in general, and single cell specifically, opened the way for a
number of studies that improve our understanding of biology. Investigation of diseases and
development of treatments, understanding of the evolution of life, phenotypic and genotypic
association are just a few examples highlighting the importance of these technologies.
This evolution of technology and specialized protocols gave the potential to extract
information and analyse it in the level of each individual cell; one of the fundamental
questions in biology is the definition of its identity.
The usage of scRNAseq enables for measures representing each cell individually. That is the
greatest advantage against the bulk sequencing techniques, where the measurements are
averaged, therefore potentially leading to loss of informative data. However, scRNAseq
allows only for a static snapshot of the current state of the cell, hiding the general picture of
the cell development. In order to understand the functional properties of the cells, proteomic
data would be helpful alongside RNA. For that purpose, Dr Caroline Gallant has developed a
protocol for parallel analysis of transcripts and proteins in single cells. The protocol (hereafter
called pulldown) enables for detection of ~96 sets of proteins in single cells at the same time
as the poly-A enriched transcriptome.
The goal of this thesis is the comparison of the transcriptome of the aforementioned pulldown
protocol, against the established Smart-seq2 and the categorization of their differences in
biological and technical, as well as the extraction of biologically significant conclusions. For
this purpose, we used sequenced data from ~750 stem cells extracted using the pulldown
protocol, for different time points of the cell cycle (0, 24 and 48 hours) and the Smart-seq2
protocol (0 hours).
Applying different bioinformatics algorithms and methods we compared the two protocols
and highlighted the most important difference between them related to cell cycle prediction,
the sequenced RNA, as well as the differentiation factors.
The thesis is structured as followed: the first section is dedicated to the background,
presenting information about the different types of sequencing and details about the available
scRNAseq protocols. In the methods section the data, the workflow, the analysis and the
different packages used are described, while the results section summarizes the differences
between the protocols and the biological interpretation of the results when possible. Finally,
relevant future work is proposed in order to clarify the technical difference between the
protocols, as well as potential research using the data produced from the pulldown protocol.
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1.1 Aims of the study
Even though most of the steps between the pulldown protocol and the Smart-seq2 protocol are
the same there will be differences in what RNA will be sequenced between the two protocols.
The main aim of this thesis is to identify these differences between the protocols and to
investigate if they lead to biologically different interpretation when using the two datasets.
We also want to investigate if we can merge the datasets from the two protocols in a way that
would allow to identify the differences of them, but also to add more data by including all the
samples. Using bioinformatics tools and algorithms, a conclusion regarding the potential of
the new protocol will be made, taking into account possible batch effect from the method.
Also by using the different time points we want to see if we can use the pulldown RNA
sequencing data to visualise the direction of the samples as a mean to understand how they
develop over time.
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2 Background
2.1 The evolution of sequencing technologies
After the discovery of the structure of the DNA, one of the biggest challenges in molecular
biology became the sequencing of DNA and RNA molecules (Heather & Chain 2016). F.
Sanger’s sequencing method (Sanger et al. 1977) was the turning point and become the most
popular technique for many years (Pareek et al. 2011). The second generation, also called
high throughput, of sequencing technologies made their appearance in 2005 with the 454
technology (Ronaghi et al. 1998). These second-generation technologies allowing for
sequencing of millions of reads per run with quite low cost, created new possibilities on the
types of studies that could be performed. De novo sequencing, metagenomics and epigenetics,
as well as applications in the field of evolutionary biology, are just some of the types of
studies conducted since then. The high throughput, the price drop and more importantly the
potential that the high throughput sequencing technologies have created, led to an extreme
increase of genomic data. Specifically, the amount of data produced through sequencing has
been doubling approximately every seven months (Stephens et al. 2015), highlighting the
interest in the field. The third generation of sequencing is a continuation of the second
generation, characterized by the ability to sequence single cells and the fact that the
amplification step is no longer needed (Heather & Chain 2016, Kchouk et al. 2017). This
thesis is focused on sequencing of single cell RNA. In the next section, the differences
between the single cell and bulk sequencing are discussed.

2.2 Bulk and single cell RNA sequencing answer different questions
The two major categories of transcriptome sequencing are the bulk RNA sequencing
(RNAseq) and single cell RNA sequencing (scRNAseq). The bulk sequencing techniques
allow for experiments and results that are based on average expressions from data derived
from entire populations of cells. The main underlying assumption in this case is that the
average responses would give a representative picture for the whole sample, without the need
of examining on the cell per cell level. The single cell sequencing techniques on the other
hand allow for cell specific characteristics to be examined. A metaphor that explains the
difference between bulk and single cell sequencing states that if the cells for an experiment
would be represented by fruits, the bulk sequencing would produce a smoothie, where all the
different fruits would be mixed, and the distinction of the taste provided by each fruit would
be difficult. On the other hand, the outcome using single cell sequencing would be a fruit
salad, where it would be possible to separate each of the ingredients; in this sense, single cell
sequencing facilitates for analysis of each of the cells (fruits).

2.3 Introduction to single cell RNA sequencing
The focus of this thesis is the scRNAseq; in the rest of this section, the importance of
scRNAseq, the main areas of usage and the most well-established techniques around it are
5

analysed. The first scRNAseq experiment was published in 2009 (Tang et al. 2009), while the
breakthrough that opened the way for the extraction of transcriptome data and the analysis on
a single cell level, using in vitro cDNA amplification by PCR, was published in 1990 (Brady
et al.). Although the extraction of the transcriptome from a single cell set the base for a
variety of studies the small number of cells extracted and the number of sequences acquired
was a limiting factor for the potential insights for the method.
Advancements in sequencing techniques during the last years have made it possible to get a
good representation of all transcripts in a cell at a relatively low cost. At the same time
technologies for running multiple experiments in parallel have increased dramatically. Both
these advances have created the infrastructure for the parallelization of the analysis of cells.
Analysing thousands of cells in a single experiment is possible due to advances, for example
in droplet microfluidics and the researcher has a variety of solutions to choose among. The
different techniques available come with advantages and drawbacks and the researcher should
use the one fitting the goal of the experiment. In order to review the various methods, it would
be useful to refer to the general workflow used on scRNAseq experiments. The main
workflow consists of seven steps as described in different papers (e.g. in Kolodziejczyk et al.
2015, Haque et al. 2017) which are briefly analysed here in the next section.

2.4 Single cell RNA sequencing workflow
1. Isolation of single cell, the accuracy and high throughput of which is one of the main
challenges of single cell sequencing. Depending on the protocol used, the isolation of
single cells can be achieved with different techniques, such as microfluidics or FACS.
One way used to measure the performance of each of the techniques (Hu et al. 2016)
is based on three different parameters: efficiency/throughput (amount of isolated cells
per time), purity (amount of cells after separation) and recovery (amount of cells
before and after separation).
2. Lysis of single cell, which is performed using a lysis buffer that would lyse the cell,
avoiding interference with the reverse transcription step.
3. Caption of mRNA molecule using poly-T priming. Poly[T]-primers bind to mRNA
poly[A] tails during this step. For the pulldown protocol, analysed below, during steps
2 and 3 the cells are sorted and lysed in wells with oligo-dT conjugated magnetic
beads.
4. Conversion of mRNA to cDNA, using reverse transcription. In this step, the
complementary DNA (cDNA) is created from the poly[T] mRNA through reverse
transcription.
5. Amplification of cDNA, where the cDNA is amplified usually by PCR or in vitro
transcription, depending on the protocol used. In some cases, during this step, the
usage of unique molecular identifiers is introduced.
6. Preparation of cDNA sequencing library
7. Finally, the sequencing step using next generation sequencing. Presently, a variety of
sequencing technologies is available, depending on the focus and the specifications of
the study (e.g. Illumina, PacBio and others).
6

The steps described above represent a general overview of the workflow for a single-cell
RNA sequencing experiment. In the next sections, the specific workflows for the Smartseq2 and the under-examination pulldown protocol (based on Smart-seq2) will be
analysed.

2.5 Established single cell RNA sequencing methods and categorization
Some of the most well established and widely used protocols currently available for
scRNAseq are namely: CEL-seq2 (Hashimshony et al. 2016), Drop-seq (Macosko et al.
2015), MARS-seq, SCRB-seq (Jaitin et al. 2014), Smart-seq, and Smart-seq2 (Picelli et al.
2013, Ziegenhain et al. 2017). Depending on the protocol used, differences arise, on the steps
described above. Specifically, one characteristic allowing for categorization of the available
techniques is the way of capturing cells. The main categories of single cell isolation
techniques are fluorescence activated cell sorting (FACS), magnetic activated cell sorting
(MACS), laser capture microdissection (LCM), microfluidic and manual cell picking
(Kolodziejczyk et al. 2015, Hu et al. 2016). Depending on the technique used on each
protocol, the specificity, cost, level of skill needed etc. vary.
Another important difference between the methods is the usage of unique molecular
identifiers (UMI). In this case, all the reads from PCR-duplicated tags are given the same
identifier, which leads to lower amplification noise (e.g. in Drop-seq), sacrificing the potential
full-length coverage (achieved e.g. in Smart-seq2) (Ziegenhain et al. 2017). These are just
some of the important characteristics, which in combination with the type of study, should be
taken into account when selecting the appropriate method that will be used for a study. For
example, protocols enabling for high number of cells would be fit for experiments where the
goal is the discovery of unknown types of cells, while using a plate-based protocol, such as
Smart-seq2 enables higher sensitivity for each cell, therefore being a better approach for
profiling experiments, with the drawback of higher cost (Papalexi & Satija 2018).

2.6 Single cell RNA sequencing applications
Since the first scRNAseq experiment was published, massive steps have been done through
research on this field. The scRNAseq protocols discussed here have been explained in detail,
making the usage of the technology more approachable for every researcher. At the same
time, commercial kits have been available from various labs and companies, while the cost for
running an experiment has been reduced (Haque et al. 2017). The number of different
applications and types of studies that can be conducted using scRNAseq is overwhelming.
Generally, scRNAseq is expected to provide insights related to cellular heterogeneity, which
in return would allow for increased understanding of the biology itself and the diseases of the
human body. The immune system of organisms varying from bacteria to humans can be
analysed and understood in depth, through the potential that single cell resolution provides
(Proserpio & Lönnberg 2016).
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Even though technical noise can lead to loss of information (due to the reverse transcription to
cDNA and amplification), the protocols described above give enough information to allow for
studies investigating biological questions that were not possible before. Such an application,
as explain by Sandberg (2014), is derived from the fact that in single cell studies, cells tend to
be classified together, based on their type or state through clustering of the expression profile.
Furthermore, in cases where the technical noise is significantly low and all types of cells are
represented in the experiment, the clustering described above could potentially enable for
discovery of new types of cells, by assigning them to different clusters than the already
known ones.
Other types of applications include the exploration of cell trajectories, representing the cells
moving from one state to the other, and regulatory studies, i.e. to understand whether the
regulation is normal or result of a malfunction (Haque et al. 2017). Experiments related to cell
states and types will allow us to discover new cell types and states and trace their
developmental origins. Defining cell states and types is one of the most characteristic
examples where scRNAseq is necessary: the bulk approach, averaging the measurements can
only be representative in extreme cases where the cells are completely synchronized (Trapnell
2015).
The development of single cell sequencing has been quite impressive during the last few years
and it is quite interesting to refer to the potential improvements and future directions of the
technology. According to some predictions about the future of single cell transcriptomics
(Linnarsson & Teichmann 2016), it is expected that the next step would be the mapping of
“all mammalian organs, tissues and cell types at single-cell resolution”. Such an achievement
would create a reference of great value for any type of analysis, as disease related, given the
data that would allow for comparative studies.

2.7 Single cell RNA sequencing potential – A look at the future
Regarding the potential improvements, they can be divided in two different categories, the
computational and technological. The first category involves the implementation and
development of computational methods that will be able to process the amounts of data
produced by single cell sequencing. According to Kolodziejczyk et al. (2015) one of the
biggest challenges is the separation of technical noise and biologically explained
heterogeneity, especially given the raise in the amount of data produced, which is expected to
reach the exabase scale during the next ten years (Stephens et al. 2015).
On the technical side, possible improvements during the next years could include the increase
in throughput, metrics such as sensitivity, accuracy and precision, as well as the inclusion of
other types of data (Tang et al. 2011, Kolodziejczyk et al. 2015, Ziegenhain et al. 2017). The
pulldown protocol that is the main focus of this thesis, is focused on this type of
improvement, since protein data is detected in parallel with the RNA data. The details about
the protocol and the workflow followed will be discussed in the next sections.
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2.8 Smart-seq2
The pulldown approach, as it is described in the next section, is a combined approach of the
Smart-seq2 protocol published by Picelli et al. (2014) including protein data. In order to
evaluate the proposed protocol, human embryonic stem cells have been sequenced, using
Smart-seq2 and the pulldown methods, in order to allow for comparison between the two. It is
therefore worth to refer to the Smart-seq2 method, as it was used for the sequencing of the
data for this experiment.
Smart-seq2 is a method used for single cell analysis of transcriptome data that was first
introduced in 2013 (Picelli et al. 2013) and it was an improvement of the Smart-seq method,
in terms of coverage, accuracy and detection. A brief explanation of the protocol for reference
is given in the paragraph below.
The protocol, as published and used for the production of the data used in this thesis, follows
the general steps described in the previous section. Specifically, in this case the single cell
isolation is achieved using the FACS isolation technology, which allows for separating cells
based on their fluorescence. The caption of mRNA molecules is done using poly-T primers,
while according to the authors, one of the most important benefits of the method, the fulllength cDNA coverage, is improved by the usage of specific chemical compound (betaine).
The method is well established and according to comparative studies (such as Ziegenhain et
al. 2017) it achieves the highest read coverage among the other methods and it is considered
the most suitable option when annotation is the focus of a study.

2.9 Pulldown protocol
As mentioned in the previous sections, one of the challenges and potential improvement for
single cell sequencing is the extraction of combined types of data. Recent studies in
glioblastomas (Patel et al. 2014), as well as in human CD8+ T cells using cytometry (Newell
et al. 2012) have revealed previously underappreciated heterogeneity and complexity related
to populations of homogeneous cells. The combination of transcriptomic and proteomic data
would be of great interest, since RNA and protein levels are two important factors deciding
the function of the cell. In order to incorporate the protein information, Dr Caroline Gallant, a
researcher at Uppsala University, is establishing protocols for determining levels of multiple
protein levels in single cells (Darmanis et al. 2016, Genshaft et al. 2016). To overcome the
low throughput and the limitations on detecting specificity, due to the fact that current single
cell protein assays rely on target recognition by single antibodies, the researchers developed a
protocol that allows for large sets of RNA and protein targets to be analysed.
The protocol used for the extraction of the protein and RNA data is based on the Smart-seq2
protocol discussed on the previous paragraph and the first two steps (cell isolation with FACS
and lysing) are exactly the same. The lysed cells are then split into two groups, one RNA and
one for protein analysis, by using poly-T primers attached to beads. This will retain the polyA tail RNAs to the beads while allowing for the proteins to pass to the supernatant. Using a
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homogenous affinity-based proximity extension assay (PEA) protein levels are then extracted
using antibodies conjugated with oligonucleotides (Darmanis et al. 2016). The poly-A
enriched RNA is sequenced using the Smart-seq2 protocol after poly-A selection. Using this
protocol, the authors are able to detect sets of ~96 protein targets and the full-length poly-A
enriched transcriptome simultaneously. This protocol has been used for the extraction of the
data that was used for the analysis, which will be presented on the next sections.

3 Materials and Methods
The amount of data generated by the two protocols (Smart-seq2 and pulldown) is big. This
data needs to be processed and analysed through bioinformatics methods and tools in order to
extract any potential conclusions (Stegle et al. 2015). This section is dedicated to the methods
and specific algorithms used during the quality control and analysis of the data.

3.1 Data
The data used for the bioinformatics analysis in this thesis was extracted by Dr. Caroline
Gallant. The cells extracted with the Smart-seq2 and the pulldown protocols were human
embryonic stem cells line HS181 undergoing directed neuronal differentiation. The cells were
sequenced using two Illumina HiSeq2500 lanes. Specifically, the data generated includes the
0 hour time point - before neuronal induction (both Smart-seq2 and pulldown protocol) and
24 hours and 48 hours post-induction (pulldown protocol only). Including different timepoints using the pulldown protocol, enables for analysis and comparison between them, a
more detailed cell cycle state prediction, as well as cell development analysis. The data
produced also included 100 cells that were FACS sorted into a well in duplicate at the same
time the single cells were sorted and one human melanoma cell line (SKMEL30) diluted to
100 cell equivalents included in all plates in duplicate as intra-plate control. The latter ones
are representing the bulk control for the pulldown protocol in the analysis following. In total
743 cells were sequenced, out of which 667 were left after the initial filtering; 523 from the
pulldown protocol and 144 from the Smart-seq2 were used throughout the analysis. The
names for each sample include all this information, along with the plate name, the platform
and lane of sequence and the number of cells. A table containing a representation of the
sample names and the information related to them can be found in the repository used
throughout this project1.

3.2 Workflow for processing raw reads into expression values
The first step when performing an analysis of this kind, is the processing of the raw read and
the extraction of the expression values from them. For that purpose, the NBIS (National
Bioinformatics Infrastructure Sweden) scRNAseq team has created a workflow, containing all
the essential software. Figure 1 illustrates an example workflow and all the possible steps
required when the workflow is executed. The workflow (documentation available at
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https://goo.gl/G68gVU) is written using Snakemake (Köster & Rahmann 2012) and managed
through Conda environments. In a nutshell, Snakemake is a workflow engine that allows for
workflows to be constructed by writing rules in a Python-like language. Each rule is defined
by its name, the inputs and outputs and a command that needs to be executed in order to
produce the output file. Conda is a package manager that allows for easy installation and
update of the various dependencies for each project. The combination of Snakemake and
Conda allows for creation of workflows and analyses in general that are reproducible and
scalable. Various programs and rules for them are included in the workflow, such as the
RSEM (Li & Dewey 2011) and rpkmforgenes (Ramsköld et al. 2009) for genes and transcript
quantification, tools such as bamtools (Barnett et al. 2011) and picard for sorting and merging
and more.
The program used in the workflow for the alignment of the raw read is STAR (Dobin et al.
2013). STAR is an application written in C++; the main characteristic of the algorithm is the
ability to map non-continuous sequences straight to the reference. For the purposes of this
analysis, the reference used was the Homo_sapiens.GRCh38.90. Regarding the read counts,
the default program used in the workflow is rpkmforgenes. As part of the work done during
this thesis, the featureCounts (Liao et al. 2014) program was used for reads count. The
reasoning behind this decision is the fact that featureCounts was proved to be quite faster than
the rpkmforgenes, while there was no difference on the read tables created by the two
programs. The versions of the programs, as they were used for this thesis, are summarized in
Table 1. A detailed description of the versions needed specifically for various parts of the
workflow can be found in the environment.yaml and environment-27.yaml files, in the
repository1.
Table 1. The main tools used during the analysis for this thesis. The versions included here are the ones used and
could be taken as reference for reproducing the results.

1

Type

Usage

Version

Python

Language

Workflow

>= 3.5

Python

Language

Workflow

>= 2.7

Star

Aligner library

Workflow

2.5.3a

featureCount

Read count software

Workflow

1.6.0

R

Language

Analysis

>= 3.4

Seurat

R package

Data integration

2.3

Velocyto

R package

Development direction

Latest

https://goo.gl/G68gVU
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Figure 1. Directed acyclic graph of the jobs to be executed for an example workflow created using Snakemake. The
edges represent the various steps-dependencies needed to execute the defined rules.

3.3 Quality Control to identify differences in samples and times points
One of the biggest challenges when using scRNAseq is to determine whether biological or
technical reasons should be account for potential heterogeneity or variation in the data.
According to previous studies (Brennecke et al. 2013, Ting et al. 2014, Zeisel et al. 2015),
there are a number of different methods that can be used to distinguish the technical from the
biological noise; including the expression of housekeeping genes’ expression levels,
clustering algorithms, the ratio of mapped genes in comparison to external spike-ins as well as
the comparison of the expression levels for each gene with control bulk data. In cases where
technical reasons are considered responsible, caution must be applied to avoid removal of
biologically important data when attempting to remove technical noise.
In order to compare the two methods used in this experiment (Smart-seq2 and pulldown), well
established bioinformatics methods and algorithms were used. The count table created on the
previous step was then stored for analysis using the programming language R. The complete
code used for this step can be found in the repository1 used throughout development. Filtering
was applied, removing the samples with small number of counts, specifically less than 10.000
counts. The reads per kilobase per million reads (RPKM) values were calculated for the
remaining cells, as well as the ERCC spike-ins. The distribution of the number of spike-ins
12

was then plotted for each of the protocols and types of cells (bulk, FACS and single cell),
providing a visual inspection between the samples. To test if the distributions were sampled
from the same distribution or from different distribution the non-parametric KolmogorovSmirnov test (2-sided for two samples) was used.

3.4 Variable Genes
For this step, the samples with proportion of spike-ins to total counts smaller than 0.2 were
also filtered out. Also, the samples that had ratio of spike ins too high, suggesting that the
concentration of sample RNA was too little, compared to the spike-ins one. Technical noise
fit (Brennecke et al. 2013), where the squared coefficients of variation (CV2) and the mean
values of the RPKM values, for each protocol, were then plotted in order to detect the variable
genes, based on the fit to the spike-ins. Two technical noise fit plots were created for the
pulldown protocol, one including all single cell samples and one containing only the 0h and
one for the 0h samples for Smart-seq2. To further analyse the potential differentiation
between the samples, Spearman correlation and hierarchical clustering were applied to the
samples. The results were presented in a heatmap containing the correlation and the
dendrograms produced from the clustering algorithm in order to identify differential
correlation.

3.5 Identification of heterogeneity through PCA
Apart for the correlation based clustering, another way to distinguish between cell types and
discover heterogeneity, are the dimensionality reduction methods, such as PCA and tSNE
(Haque et al. 2017). Unsupervised clustering using one of these methods is supposed to group
the cells together by reducing the dimensions of a high-dimensional data set and measuring
their distance (Trapnell 2015). The factors of cell differentiation, or other sources of technical
or biological variability, can be recognized using dimensionality reduction plots. In order to
understand and expose the differences between 1) the two protocols, 2) the bulk (control) and
single cell samples, and 3) the various time-points for the pulldown, four PCAs were run and
plotted. As in previous steps, the pulldown (with all time points), the Smart-seq2 and a
combination of the two were used. The proportion of variation for each principal component
was calculated for each of the PCA, which is equal to the Eigenvalues (squaring the stored as
sdev parameter in R) divided by the sum of their sum. Also, the first principal component,
which explains the highest variation, was plotted for comparison between the two protocols
for the single cell samples.

3.6 Differential expression analysis
Another common step when comparing two different states or protocols is to compare
differences between the genes that are differentially expressed between the two states; in this
case comparing between the two protocols. In order to compare the genes’ expression
between the two protocols, a cut-off (equal to the logarithmic fold change of the mean for
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each protocol, times the logarithmic mean of each) equal to eight genes was selected and the
differentially expressed genes were plotted for both protocols. The gene’s biotype annotation
was then collected for each gene, using biomart ensembl (Zerbino et al. 2018). The biotypes
with the most differentially expressed genes were then further analysed to see if other metrics
could explain the difference in expression between the two protocols. The highest diversity
based on the gene biotype was discovered in the protein coding and pseudogenes. Therefore,
histograms representing genes of these biotypes and their lengths were plotted.

3.7 Mapping preferences for the two different protocols
One more aspect that should be taken into account when performing scRNAseq analysis is to
determine if the RNA in each cell is mapping to exons and introns and if they get degraded
during the RNA sequencing protocol. For that purpose, four different plots comparing
between the two protocols’ degraded data are presented here. These plots are part of the
analysis performed by Johan Reimegård, and they are included in this thesis since they carry
interesting and relevant information.

3.8 Cell cycle prediction
In order to compare the cell cycle state prediction between the two protocols, the cyclone
(Scialdone et al. 2015) package from scran (Lun et al. 2016) was used. The cyclone function
is used for classification of the cells into cell cycle states, given the count table with the
expression data. The package includes different training data for the model and the one used
in this case was the human_cycle_markers provided with the scran package. The expression
data for both protocols was used in separate runs of the package and the outcome was plotted.
For comparison purposes a table summarizing the number of the predicted cells on each
cycles state for the two protocol is presented. In order to determine which of the two protocols
that was doing the best predictions we compared the results with results from FACS sorting
where size and DNA amount has enumerated the fraction of cells analysed into G1, G2/M and
S phase.

3.9 Integration of datasets
This section describes the analysis steps related to integration of the two datasets, produced
from the two different protocols. This step was conducted using the Seurat package (Butler &
Satija 2017) on the programming language R. The complete code used for this step can be
found on the repository1 used throughout development. The Seurat package is used for
normalization and integration of the data between datasets. One such case, as explained on the
website of the package, would be the integration of cells treated with interferon, versus a
control, untreated set. For the purposes of this thesis, the two datasets are defined by the
different protocols. The expression data for each of them was normalized and integrated into
one object (Seurat specific). Canonical Correlation Analysis (CCA) and t-Distributed
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Stochastic Neighbor Embedding (tSNE) were then applied to the combined dataset and the
results after the dimensionality reduction were plotted.

3.10 Cell cycle prediction using previously classified genes
To further examine the cell cycle prediction, a comparison of the outcomes for both protocols
was then attempted. In a paper examining the developmental hierarchy in human
oligodendroglioma for scRNAseq (Tirosh et al. 2016) identified a set of 43 G1/S and 55G2/M
genes. The genes for the G1 state were used in order to compare the distribution of the two
protocols with the predictions made in the aforementioned paper. In order to make the
comparison between the distributions of for the cells in G1 state, the identified genes were
filtered and stored in a new matrix for each protocol. The values extracted from the Seurat
package in the previous step were then normalized by scaling between 0 and 1. The values
were then summed for each of the cells and the distribution for both protocols was plotted.

3.11 Direction of development
One powerful analysis, using single cell data, is to determine how cells develop over time to
go from different cell states. A limitation with the current analysis of single cell, using RNA
sequencing, is that the data gives a snapshot of the current state of the cell, but no information
about the direction of the development of the cell. In a pre-published paper (La Manno et al.
2017), the authors have tried to address this issue using mRNA pre-mRNA and the mRNA
levels to predict the future state, i.e. the direction of development, of individuals cells.
Specifically, distinguishing the unspliced and spliced RNA, the authors achieved to calculate
the derivative of RNA abundance. In order to perform analysis of expression dynamics, the
velocyto written in R was used and a preliminary prediction of the velocity, as defined by the
authors, was calculated for both protocols. Given the fact that the available data for the Smartseq2 protocol included only samples from the 0 hours and that the integration of the two
datasets was not successful, as explained in the results section, the data from pulldown
protocol only was used. The outcome of the analysis was a plot showing the PCA for this
dataset, including the velocity arrows for them.

4 Results and Discussion
The current section is dedicated to the presentation of the results derived from the analysis, as
well as the explanation of these results from a biological point of view. The section is
following the same structure as the methods and materials one, to allow for direct connection
between the two.
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4.1 Quality Control to identify differences in samples and times points
Spike-ins are a widely used way of recognizing and quantifying technical variation
(Brennecke et al. 2013, Kolodziejczyk et al. 2015, Haque et al. 2017). After filtering for
samples with less than 10.000 counts, the amount of ERCC spike-ins detected for each of the
protocols and time points were plotted in Figure 2. The average number of spike-in detected
for the Smart-seq2 protocol was 20.3, 8.5 and 1.8 depending on if the sample was single cells,
100 FACS sorted cells or dilution of a different cell line. The average number of spike-in
detected for the pulldown protocol was 7.7, 0.92 and 0.92 depending on if the sample was
single cells, 100 FACS sorted cells or dilution of a different cell line. There is a statistically
significant difference in the distribution of number of ERCC spike-ins between the bulk (dil
for the pulldown protocol) and FACS versus the single cell samples. That holds true for both
protocols separately (p-value < 2.2e-16 for pull down protocol and p-value < 2.869e-08 for
the Smart-Seq2 protocol), as well as when on the combined distributions (p-value < 2.2e-16
for merging both). This is visualized in Figure 2. Also, there is a statistical difference in the
distribution amounts of spike-ins between the two protocols (p-value < 2.2e-16). The number
of spike-ins in the Smart-seq2 case is higher in comparison to the pulldown protocol. This is
visualized in the fourth line with the single cell label in Figure 2.
Regarding the difference between the types of cells, we hypothesize that it can be explained
by the amount of cells, in this case 100 versus 1. Since the samples that contains 100 cells
contain more RNA than the single cell samples, the relative level of RNA from the spike-in
will be lower. When sequencing those samples less reads will come from the spike-in RNA
thus finding less number of spike-in reads in the sample is in line with the results we see. If
we extend that explanation to the difference between the two protocols we argue that the
RNA level from the samples from the pulldown protocol is higher than that of the Smart-seq2
protocol. Another potential explanation could be related to the fact that using the pulldown
protocol, the ERCC as well as a solution based oligo-dt are not pulled down (Svensson et al.
2017).
The average number of genes detected for the Smart-seq2 protocol was 6911, 11339 and
10105 depending on whether the sample was single cells, 100 FACS sorted cells or dilution of
a different cell line. The average number of genes detected for the pulldown protocol was
5803, 11334 and 10519 depending on if the sample was single cells, 100 FACS sorted cells or
dilution of a different cell line. There is a statistically significant difference in the distribution
of number of genes detected between the bulk (dil for the pulldown protocol) and FACS
versus the single cell samples. That holds true for both protocols separately (p-value < 2.2e-16
for pull down protocol and p-value < 1.653e-08 for the Smart-seq2 protocol), as well as on the
combination for both distributions (p-value < 2.2e-16 for merging both). Also, there is a
statistical difference in the distribution of number of genes discovered between the two
protocols (p-value < 2.2e-16). The number of genes on the Smart-seq2 case is higher in
comparison to the pulldown protocol.
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The pulldown protocol samples have much higher fraction of reads mapping to introns
(~40%) than the Smart-seq2 samples (~20%) (data not shown). We suggest that the reason for
this difference could be that there is more RNA from the pulldown protocol than the Smartseq2 protocol. This does not give higher number of detected genes; in fact, the pulldown
protocol has significantly lower sensitivity than the Smart-seq2 protocol. We found that this
could mean that some of the RNA that is extracted maps to regions of the genome that is not
part of the exon parts of the annotation of the genome. This step of the analysis presented the
first difference between the protocols; in order to further investigate that further we proceeded
by looking into variable genes.

Figure 2. Amount of spike-ins detected on each of the different protocols and type of cells.

4.2 Variable Genes analysis between the protocols identifies differences
in biotypes and length
In order to analyse the variability of the genes, the squared coefficient of variation of the
RPMK values was calculated and presented in Figures 3a-c (Brennecke et al. 2013). The first
two plots refer to the pulldown protocol (the first of which contains only the samples from the
0 hours, while the second, all the single cell samples, i.e. 0, 24 and 48 hours), and the third
plot to the Smart-seq2. The plots are representing the technical noise fit for the genes;
specifically, the blue dots correspond to highly variable genes and black dots to the spike-ins.
The highly variable genes for the pulldown protocol are 2158 genes for all time points, while
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for the 0 hours the number drops to 536 and 408 for the pulldown and Smart-seq2 protocols
respectively using a spike-ins cut-off fit equal to 0.8.

Figure 3. Technical noise fit and high variable genes: The plots in this figure represent the squared coefficient of
variation for the RPKM values for both datasets. The black, red and blue dots represent the spike-ins, genes and high
variable genes respectively. a) Pulldown protocol using 0, 24 and 48 hours. b) Pulldown protocol for 0 hour. c) Smartseq2 for 0 hour.

The difference in the number of genes, occurring when using all the time points for the
pulldown protocol (0, 24 and 48 hours) is quite high for the two protocols, where only 0h are
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being used for Smart-seq2. We hypothesize that it could be explained by the change in
expression of many genes during development of the genes in the pulldown protocol during
these 48 hours. Regarding the differences detected on the 0 hours samples for the two
protocols, one potential explanation is that they are related to the different cell cycle
prediction for most of the genes, as described on the next section.
To further investigate the differentiation between the protocols and identify its sources, the
dendrograms produced from the hierarchical clustering analysis on the Spearman correlation
for the RPKM values were plotted on the heatmap of Figure 4. The dendrogram and the
colours for the columns represents the two protocols (blue for the pulldown and red for the
Smart-seq2). It becomes clear at first sight that the protocol type is the main factor of
differentiation: the samples for the two protocols are separated, with minor overlaps.
Therefore, we have one more indication that there is some difference between the two
protocols. The row axis represents the different time points for the sample. Even though the
overlaps are more common in this case, we can still extract a clear division between them.
This signifies that the time points when cells are taken is a second factor of differentiation.

Figure 4. Pairwise Spearman correlation and clustering based on that. The light blue and red colors on the colmuns
represent the two protocols, while the green, blue and red on the rows represent the different sequencing time points.

The analysis of this allowed us to get an idea regarding the differentiating factors for the
whole dataset. To further investigate these factors, we performed principal component
analysis, as described on the next section.
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4.3 Using PCA to identify factors responsible to highest variance
The differences observed throughout the previous steps can be further examined using
principal component analysis. In this case four analyses of this type were executed: one for
each protocol and one combined with all the samples available and finally one containing
only the single cell samples for the pulldown protocol. Figures A1a-g (see Appendix A) show
the plots for principal components 1 and 2, while some of the characteristics of the samples
(i.e. number of detected genes, time point, protocol and type of cells) are represented with the
shape or colour of the points. Also, the proportion of variation explained by the first four
principal components for each of the PCAs can be seen in Table 2.
Table 2. The variation explained by first four principle components for each of the PCAs presented in this section.
Combined here refers to data from both protocols (Pulldown and Smart-seq2).

Pulldown

PC1
0.05526

PC2
0.01795

PC3
0.0154

PC4
0.0734

Smart-seq2

0.05767

0.03225

0.02015

0.01861

Pulldown SC

0.03372

0.01610

0.0784

0.075

Combined

0.08429

0.03555

0.01601

0.01087

The PCAs for the combined pulldown and Smart-seq2 protocols show that the first principle
component is separating the samples based on the number of the detected genes. In both cases
the samples are clearly separated between the single cell and bulk samples. The PCA for the
single cell samples of the pulldown protocol does not cluster the samples based on some of
the variables; that comes in accordance to the low percentage of variation explained by the
first and second principal components. Finally, in the combined PCA plot, it becomes clear
that the first principle component is separating the samples based on their protocol; that is true
both for the single cell and the bulk samples. The density plots of Figures A1h-l (see
Appendix A) represent only the single cell samples for both protocols reinforce this
conclusion, since the difference between the Smart-seq2 and the pulldown protocol samples is
quite significant.

4.4 Differential expression analysis identifies differences in preferences
of transcript length and biotype
The differentially expressed genes were recognized for the two protocols, as described in the
methods section. Table 3 summarizes the number of up regulated genes for each of the
protocols.
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Table 3. The number of up regulated genes for each of the two protocols and the two most variable biotypes.

Protein Coding

Pseudogenes

All

Pulldown

176

56

715

Smart-seq2

259

1

525

For the Smart-seq2 protocol the number of up regulated genes was 525 and for the pulldown
protocol 715. The plot of Figure 5 is showing the expressed genes for the pulldown and
Smart-seq2 protocols with red colour and blue colours respectively.

Figure 5. The expressed genes for both protocols. The red dots represent the ones for the pulldown protocol and the
blue the ones for the Smart-seq2.

By using the ensembl annotation we could separate the differentially expressed genes into
different biotypes. For the biotypes protein coding and pseudogenes, we could see differences
between the two protocols. Specifically, the number of highly expressed pseudogenes for the
pulldown protocol was 56 while only 1 was detected for the Smart-seq2. Also, for the protein
coding genes we were able to identify a difference in length distribution between the two
protocols. The histogram of Figure 6 shows the type of each of the differentially expressed
genes and their respective length, for each of the biotypes identified. The reasoning behind
this difference could be related to the degradation patterns shown on Figure A2 (see Appendix
A), but further analysis is needed in order to draw definite conclusions.

21

Figure 6. Histograms for the differentially expressed genes for the two selected biotypes, pseudogenes and protein
coding based on their length.

4.5 Different cell cycle prediction for the two different protocols
Another type of analysis to discover potential differences between the two protocols is the cell
cycle prediction. The cyclone package for R was used in order to predict the state for the
single cells of both protocols. The analysis also includes data that Dr. Caroline Gallant was
generated from a separate experiment using the same cell line. Cells were labelled Vybrant
DyeCycle for DNA profiling and cell cycle analysis in live cells (Thermo Fisher Scientific).
Briefly, the cells were labelled and analysed via FACS to determine the fraction of cells in
G1, S or G2/M. The results from this analysis were used as control data in order to compare
the two protocols extracted states for the two protocols. Table 4 summarizes the number of
predicted states for the pulldown combined data and 0 hour, the Smart-seq2 data and the
control data. The results show a clear difference between the predicted states for the Smartseq2 and the pulldown protocols. Specifically, most of the cells are categorized in state S for
the pulldown protocol (56% for all time points and 63% for the 0 hour) while for the Smartseq2 the most representing state is the G1 (65% in this case). In essence, none of the protocols
seems to be close to the values extracted from the FACS sorting for separation of the cells in
the different phases. In conclusion, the cell cycle prediction shows one more difference
between the two protocols. The results and the conclusions extracted so far, make it clear that
there is a difference between the two protocols. Therefore, we decided to try an integrated
approach for the two protocols and compare the results. The following section describes the
outcome of this analysis.
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Table 4. Predicted cell cycle state for the pulldown protocol, using all time points and only 0 hours, Smart-seq2 0
hours and FACS sorted control.

G1

% G1

S

%S

G2M

% G2M

Total

Pulldown

7

1%

275

56%

212

43%

494

Pulldown 0h

3

2%

107

63%

60

35%

170

Smart-seq2

87

65%

31

23%

16

12%

134

1573

32%

1077

36%

1795

22%

4445

FACS

4.6 Integration of datasets
The Seurat package is one of several possible options for integration of two datasets and
comparative analysis between them. The previous sections referred to the analysis related to
the differentiating factors in the dataset and especially between the two protocols. The
hypothesis in this case is that by integrating the two datasets we would be able to eliminate
the technical variability between the protocols. Furthermore, the biological differences would
then become obvious; in this case the expected outcome would be the separation of the
samples based on the time points of sequencing. In other words, we would expect to extract
three different clusters, where one of them would contain the data from both protocols for 0
hour. After normalizing and integrating the data in order to remove the differences between
the protocols, the previous steps were executed again with the new values. The results from
this analysis were not the expected ones; the tSNE presented in Figure 7 after the integration
of the datasets shows separation only between the time points of the pulldown protocol (0, 24
and 48 hours), but that changes when including the Smart-seq2 data.
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Figure 7. tSNE analysis created after the integration of the two datasets, including all the available data for the two
protocols. The colours represent the different types of data, namely the time points and types of cells.

The same holds true for Figure 8 representing the density for the class containing only the
single cells for tSNE_1. On the other hand, the points for the Smart-seq2 protocol are spread
throughout the plot. Therefore, we conclude that the Seurat package was not able to integrate
the data. The reasoning behind that could be the difference on the time points used for the two
protocols. Given that for the pulldown protocol, three different time points were used, it is
possible that the analysis was biased and unable to integrate the data. Figure A3 (see
Appendix A) shows the PCA executed with the Seurat package; in this case the points are
mainly separated based on the protocol, while the state does not seem to be a separating
factor.
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Figure 8. Density plot representing the tSNE distribution for the two protocols and the different time points. The solid
lines represent the pulldown protocol while the dashed red line the Smart-seq2.

4.7 Variable genes analysis shows similar pattern on G1 phase
The method used for this step of the analysis, as described in the methods section, was
focused on genes with predefined cell state. Figure 9 shows the plot created using the values
of the final matrix for the genes defined in G1/S state from the paper by Tirosh et al. (2016).
We notice a similar pattern between the two protocols, even though a shift between the
density is also noticed. We hypothesize that the shift could be related to the sequencing depth
differences discover in previous steps of the analysis. Further investigation is needed before
drawing clear conclusions.
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Figure 9. Distribution of the normalized and scaled RPKM values for the selected genes in G1 state for both protocols.

4.8 Direction of development
The final part of the analysis included the usage of the velocyto library for the calculation of
the gene relative velocity. Figure 10 shows the outcome of the PCA run through this program
and the calculated velocity estimates for the pulldown protocol samples and the different time
points. Although there seems to be a pattern between the different time points, since they are
almost separated between them, the arrows representing the direction of the development do
not point towards the next state. Further analysis is required with the velocyto library, which
has the potential to provide extremely interesting results, even though it is still in beta phase.
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Figure 10. PCA for the pulldown protocol using the velocyto library. The red, green, blue and yellow dots represent
the 48, 24, 0 hours and the bulk cell respectively. The arrows point towards the direction of development while their
length represents the velocity.

5 Limitations and Future work
In this thesis, we performed a comparison between the proposed pulldown protocol and the
well-established Smart-seq2. Defining the cell state is an open question and a number of its
characteristics are used in comparative studies. The analysis described throughout the
previous sections includes most of the basic steps recommended in order to explore
heterogeneity and find differences between the two protocols. Throughout the various steps
we were able to recognize differences between the two protocols, using a number of types of
analysis, such as differentially expressed genes and principal component analysis. Also,
during the analysis, we have attempted to interpret the results and to figure out whether the
identified differences are biological or technical. Given the limitations in time and other
factors, further potential analysis was left out of the scope of this thesis. As mentioned in the
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results sections, some of the analysis allowed for partial explanation of the outcomes and
further work is needed to draw clear conclusions.
Using only the first (0 hour) time point from the pulldown data could give different more
insightful results. In this case, any variation due to the difference in sequencing times would
be removed and the only alternating parameter would be the protocol itself. Another potential
step that could be performed is the gene enrichment analysis, that would give information
about the type of overrepresented genes in the dataset.
The analysis performed using the predefined genes from Tirosh et al.’s paper (Tirosh et al.
2016) could be expanded to include the G2 genes. In this case, it would be interesting to
investigate whether the shift in the density plot remains and explore the reasoning behind that.
Also, specific analysis on each of the proposed cells separately could be of interest.
Regarding the integration of the two data sets, as mentioned in the results sections, the Seurat
package was not able to integrate the two datasets. There are a number of alternatives that
could be taken in future work. First of all, the same analysis could be repeated using only the
0 hours samples; the transformation matrix could then be used for the rest of the time points,
instead of using the whole dataset for the normalization step. Another potential path would
include the usage of another package for integrating the datasets, such as matchSCore (Mereu
et al. 2018).
During the initial steps of defining this thesis a number of additional tasks that are still
relevant and could be interesting to be implemented were discussed. A fascinating and very
ambitious task would be the inclusion of the detected protein data, from the pulldown, to the
velocyto software for improved prediction of the direction of development. The hypothesis in
this case would be that using both RNA and protein levels can improve the prediction of the
differentiation of cells.
We consider that being a very interesting path and encourage future research towards this
direction, that could potentially shed light to questions related to cell identity and function.
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Appendix A

Figure A1a. PCA including both protocols. The rounded and triangle points represent the pulldown and Smart-seq2
samples respectively. The different shades of blue colour represent the number of detected genes; the less the detected
genes, the darker the colour of the point.
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Figure A1b. PCA including both protocols. The rounded, triangle and rectangle points represent the 0, 24 and 48
hours samples respectively. The different colours represent the type of cell in each case.

Figure A1c. PCA including pulldown protocol samples only. The rounded and triangle and rectangle points represent
the dill, FACS and single cell samples of the pulldown protocol respectively. The different shades of blue colour
represent the number of detected genes; the less the detected genes, the darker the colour of the point.
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Figure A1d. PCA including the pulldown protocol single cell samples only. The rounded and triangle and rectangle
points represent the 0, 24 and 48 hours samples respectively. The different shades of blue colour represent the number
of detected genes; the less the detected genes, the darker the colour of the point.

Figure A1e. PCA including the pulldown protocol single cell samples only. The red and green and blue colours
represent the 0, 24 and 48 hours samples respectively.
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Figure A1f. PCA including the pulldown protocol samples only. The red and green and blue colours represent the 0,
24 and 48 hours samples respectively while the rounded and triangle and rectangle points represent the dill, FACS
and single cell samples of the pulldown protocol respectively.

Figure A1g. PCA including Smart-seq2 protocol samples only. The rounded and triangle and rectangle points
represent the bulk, FACS and single cell samples of the Smart-seq2 protocol respectively. The different shades of blue
colour represent the number of detected genes; the less the detected genes, the darker the colour of the point.
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Figure A1h. Density plot for the PC1 including both protocols. The red and green and blue colours represent the 0, 24
and 48 hours samples respectively. In both cases (pulldown and Smart-seq2 protocols), only the single cell samples are
included.

Figure A1i. Density plot for the PC1 including the pulldown protocol. The red and green and blue colours represent
the 0, 24 and 48 hours samples respectively. In both cases (pulldown and Smart-seq2 protocols), all samples (single
cell, dill and FACS) are plotted.
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Figure A1j. Density plot for the PC2 including the pulldown protocol. The red and green and blue colours represent
the 0, 24 and 48 hours samples respectively. All types of samples (single cell, dill and FACS) are plotted.

Figure A1k. Density plot for the PC1 including the Smart-seq2 protocol. All types of samples (single cell, bulk and
FACS) are plotted.
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Figure A1l. Density plot for the PC2 including the Smart-seq2 protocol. All types of samples (single cell, bulk and
FACS) are plotted.
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Figure A2. Degradation plot representing the pulldown and Smart-seq2 protocols. The plot includes both the intron
and the exon values.
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Figure A3. PCA including the pulldown and Smart-seq2 single cell samples only. The red and green and purple
colours represent the G1, G2M and S states of the cells respectively while the rounded and triangle points represent
the pulldown and Smart-seq2 protocols respectively.
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