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Abstract 
 
In recent years, massive parallel sequencing has revolutionized the field of 
biology and has provided us with a vast number of new discoveries in fields such 
as neurology, developmental biology and cancer research. A significant area is 
deciphering gene expression patterns, as well as other aspects of transcriptome 
information, such as the impact of splice variants and mutations on biological 
functions and disease development. By applying RNA-sequencing, one can 
extract this type of information in a large-scale manner. The most recent 
approaches include high-resolution techniques such as single cell sequencing and 
in situ methods in order to circumvent the problems with gene expression 
averaging in homogenized samples, and loss of spatial information.  
The research in this thesis is focused on the development of a novel genome-
wide spatial transcriptomics method. The technique is used for analysis of intact 
tissue sections as well as single cells from solution, with the aim to combine 
gene expression and morphological information. In Paper I, the method is 
described in detail, and it is shown that the method is able to generate spatial 
high quality data from mouse olfactory bulb tissue sections (a part of the 
forebrain) as well as from tissue sections from breast cancer samples. In Paper 
III, we adapt the library preparation method in order to be able to execute it on a 
robotic workstation, thus increasing the reproducibility and the throughput, and 
decreasing the hands-on time. In Paper IV, we generate 3D-data from breast 
cancer samples by serial sectioning. We show that the gene expression can be 
highly variable along all three axes of a tumor, and we track pathways with 
specific spatial activity, as well as perform subtype classification with three-
dimensional resolution. In Paper II, we present a high-throughput method for 
single cell transcriptomics of cells in solution. The method is based on the same 
type of solid surface capture as the tissue protocol described in Papers I, III and 
IV. Again, we show that we can generate high-quality gene expression data, and 
connect this to morphological characteristics of the analyzed single cells; both 
using cultured cells and samples from patients with leukemia. 
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Sammanfattning 
 
De senaste årens utveckling och användning av massiv parallell sekvensering har 
verkligen revolutionerat det biologiska fältet och gett oss flera nya upptäckter 
inom fält såsom neurologi, utvecklingsbiologi och cancerforskning. En 
betydande del handlar om att avkoda och detektera uttrycksmönster för olika 
gener, men även att undersöka andra aspekter av transkriptomet, såsom hur olika 
genvarianter och mutationer påverkar biologiska funktioner och sjukdomar. 
Genom att använda RNA-sekvensering är det möjligt att erhålla denna typ av 
information i en större skala. De senaste metoderna inkluderar högupplösta 
tekniker, såsom sekvensering av enskilda celler och in situ metoder för att 
kringgå problemen med genomsnittliga genuttrycksvärden då man analyserar 
homogeniserade prover, samt att ge oss den spatiala information om var generna 
är uttryckta.   
Forskningen som presenteras i denna avhandling är fokuserad på utvecklingen av 
en ny metod för heltäckande analys av spatial transkriptomik. Tekniken används 
för analysera intakta vävnadssnitt och enstaka celler från lösning, med syftet att 
kombinera information om genuttryck med morfologi. I första artikeln beskrivs 
denna metod i detalj och vi visar att metoden kan användas för att generera 
högkvalitativ spatial information från vävnadssnitt, tagna från luktloben hos 
möss (en främre del av hjärnan) samt från bröstcancerprover. I den tredje artikeln 
automatiserar vi metoden genom att köra en stor del av protokollet på en robot. 
Denna strategi ökar reproducerbarheten mellan prover, tillåter fler prover att 
köras samtidigt samt minskar den manuella tid som behövs i labbet. I artikel fyra 
använder vi oss av seriesnittning tillsammans med vår metod för att visa och 
analysera 3D-data från bröstcancerprover. Vi visar att genernas uttrycksmönster 
kan variera mycket i alla tre leden i en tumör. Vi analyserar och visualiserar även 
specifika spatiala funktioner, samt utför bröstcancerklassificering med 
tredimensionell upplösning. I den andra artikeln presenterar vi en metod för 
storskalig transkriptomik-analys av enskilda celler från lösning. Metoden är 
baserad på samma typ av teknik som vävnadsprotokollet, som beskrivs i den 
första, tredje och fjärde artikeln. Vi visar återigen att högkvalitativ 
genuttrycksdata kan erhållas, och att dessa data kan kopplas till de morfologiska 
egenskaperna hos de analyserade cellerna. I artikeln visar vi att metoden 
fungerar både för odlade celler och för celler från patienter med leukemi. 
 
Nyckelord: spatial, transkriptomik, enskild cell, 3D, RNA-sekvensering 



 

List of publications 
 
This thesis is based on the following four papers. The papers are referred 
to in the text by the corresponding Roman numerals (I-IV). 
 
Paper I. 
Patrik L. Ståhl*, Fredrik Salmén*, Sanja Vickovic**, Anna 
Lundmark**, José Fernández Navarro, Jens Magnusson, Stefania 
Giacomello, Michaela Asp, Jakub O. Westholm, Mikael Huss, 
Annelie Mollbrink, Sten Linnarsson, Simone Codeluppi, Åke Borg, 
Fredrik Pontén, Paul Igor Costea, Pelin Sahlén, Jan Mulder, Olaf 
Bergmann, Joakim Lundeberg+, Jonas Frisén. 
Visualization and analysis of gene expression in tissue sections by 
spatial transcriptomics. Science 353, 78–82, 
doi:10.1126/science.aaf2403 (2016). 
 
Paper II. 
Sanja Vickovic, Patrik L. Ståhl*, Fredrik Salmén*, Sarantis 
Giatrellis, Jakub Orzechowski Westholm, Annelie Mollbrink, José 
Fernández Navarro, Joaquin Custodio, Magda Bienko, Lesley-Ann 
Sutton, Richard Rosenquist, Jonas Frisén & Joakim Lundeberg+. 
Massive and parallel expression profiling using microarrayed single-
cell sequencing. Nature Communications, doi:10.1038/ncomms13182 
(2016). 
 
Paper III. 
Anders Jemt, Fredrik Salmén, Anna Lundmark, Annelie Mollbrink, 
José Fernández Navarro, Patrik L. Ståhl, Tülay Yucel-Lindberg & 
Joakim Lundeberg+.  
An automated approach to prepare tissue-derived spatially barcoded 
RNA-sequencing libraries. Scientific Reports, doi:10.1038/srep37137 
(2016). 
 
 



 

Paper IV. 
Fredrik Salmén*, Sanja Vickovic*, Linnea Stenbeck, Johan Vallon-
Christersson, Anna Ehinger, Jari Häkkinen, Åke Borg, Jonas Frisén, 
Patrik Ståhl+, Joakim Lundeberg.  
Three-dimensional spatial transcriptomics analysis for classification of 
breast cancer (Manuscript). 
 
* These authors contributed equally to this work. 
** These authors contributed equally to this work. 
+ Corresponding author. 

 



 

Related publications 
 
The following three papers are not included in this thesis but are realated 
to the work in this thesis. 
 
Stefania Giacomello, Fredrik Salmén*, Barbara K. Terebieniec*, Sanja 
Vickovic, José Fernández Navarro, Andrey Alexeyenko, Johan 
Reimegård, Lauren S. McKee, Chanaka Mannapperuma, Vincent Bulone, 
Patrik L. Ståhl, Jens F. Sundström, Nathaniel R. Street, Joakim 
Lundeberg+.  
Spatially resolved transcriptome profiling in model plant species (Under 
revision). 
 
José Fernández Navarro+, Joel Sjöstrand, Fredrik Salmén, Joakim 
Lundeberg and Patrik L. Ståhl.  
ST Pipeline: An automated pipeline for spatial mapping of unique 
transcripts (Submitted). 
 
Michaela Asp, Fredrik Salmén*, Patrik L. Ståhl*, Sanja Vickovic*, 
Ulrika Felldin, José Fernández Navarro, Jonas Maaskola, Maria J. 
Eriksson, Bengt Persson, Matthias Corbascio, Hans Persson, Cecilia 
Linde, Joakim Lundeberg+.  
Spatial Detection of Lowly Expressed Fetal Marker Genes in Adult 
Human Hearts (Submitted). 
 
* These authors contributed equally to this work. 
+ Corresponding author. 



 

 
 
 



 

Contents 
 

1. Introduction ................................................................................ 1 
1.1. Composition of an organism ........................................................ 1 
1.2. The genome and genes .................................................................. 2 
1.3. Mutations and their role in evolution and disease ..................... 4 

2. Sequence-based detection and analysis of nucleic acids ......... 6 
2.1. PCR and RT-PCR ......................................................................... 6 
2.2. Microarrays ................................................................................... 7 
2.3. Sequencing ..................................................................................... 7 

2.3.1. History ...................................................................................... 8 
2.3.2. Illumina sequencing .................................................................. 9 

3. Transcriptomics ....................................................................... 11 
3.1. The transcriptome ....................................................................... 11 

3.1.1. Ribosomal RNA and transfer-RNA ........................................ 11 
3.1.2. Messenger RNA ..................................................................... 12 
3.1.3. Long non-coding RNA ........................................................... 13 
3.1.4. Small RNA ............................................................................. 14 
3.1.5. Circular RNA .......................................................................... 14 

3.2. RNA-sequencing .......................................................................... 14 
3.2.1. Protocols ................................................................................. 15 
3.2.2. Single cell transcriptomics ..................................................... 15 
3.2.3. Data alignment ........................................................................ 18 
3.2.4. Quantification and normalization ........................................... 18 
3.2.5. Downstream analysis .............................................................. 20 

4. Methods for spatially resolved transcriptomics .................... 21 
4.1. Genome-wide approaches for spatially resolved 
transcriptomics ................................................................................... 21 

4.1.1. Dissection methods ................................................................. 21 
4.1.2. Solid surface capture .............................................................. 23 
4.1.3. Analysis of living tissue ......................................................... 24 

 



 

4.2. Spatially resolved single cell methods with 
limited gene detection ........................................................................ 24 

4.2.1. In situ hybridization ............................................................... 24 
4.2.2. Single molecule fluorescent in situ hybridization .................. 25 
4.2.3. In situ sequencing ................................................................... 26 

4.3. Computational methods ............................................................. 27 

5. Single cell isolation and transcriptomics platforms .............. 28 
5.1. Droplet-based methods ............................................................... 28 

5.1.1. Commercial platforms ............................................................ 28 
5.1.2. Non-commercial platforms .................................................... 30 

5.2. Well- and solid surface-based methods .................................... 30 
5.2.1. Commercial platforms ............................................................ 31 
5.2.2. Non-commercial platforms .................................................... 31 

6. Present investigation ................................................................ 35 
Paper I - A method for genome-wide 
spatial transcriptomics in whole tissue sections .............................. 35 
Paper II – Single cell transcriptomics by 
using solid surface RNA capture ...................................................... 36 
Paper III – Automation of the spatial transcriptomics 
library protocol .................................................................................. 37 
Paper IV – Tracking tumor heterogeneity 
through the 3D-volume of breast cancer samples ........................... 38 

7. Future perspectives .................................................................. 40 

8. Acknowledgements .................................................................. 42 

9. References ................................................................................. 44 
 
 
 
 
 
 
 



 1 

1. Introduction  
 
This first chapter aims to be a short introduction to some of the basic 
principles in biology and provides simplified information about the 
structure of higher organisms as well as the genome, genes and gene 
expression. 
 

1.1. Composition of an organism 
 
All known living organisms are composed of cells. Lower organisms can 
be composed of a single cell only, while higher organisms, such as fish, 
reptiles, mammals and many more, are composed of several billions of 
cells. A current estimation of the number of cells in the human body is 
around 3.72 × 1013 (1).  
In higher organisms, cells are further grouped into organs, each 
developed to perform specific tasks in the living organism.  
Each organ is composed of smaller structures called tissues, which 
consist of complex assemblies of different types of cells (Figure 1). The 
brain, for example, is composed of neurons (nerve cells) and glial cells 
(e.g., astrocytes and microglia), all with distinct functions and specific 
morphology. All of these cell types can then be further divided into many 
subtypes depending on the exact location and function of the brain (2). 
Examples of other cells, prominent in other organs, include 
cardiomyocytes in the heart (3), alveolar cells in the lungs (4), 
hepatocytes in the liver (5) and many more, all with very distinct 
morphology and capabilities for specific tasks. 
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Figure 1. Composition of an organism 
Higher organisms such as humans are built up of several organs with 
specific functions. Each organ is composed of tissues, containing a 
complex mixture of different cell types, all with distinct characteristics.  

 
1.2. The genome and genes 
 
All mammalian cells are built up in a similar way, having an outer lipid 
membrane, encapsulating all cell contents. Cells also have a second 
membrane, encapsulating the nucleus. The region between the outer 
membrane and the nucleus is known as the cytoplasm and is where most 
of the cellular functions take place (6). The nucleus, however, contains 
the “blueprint” needed for all functions, making up the foundation of life. 
This is known as the genome, a very long structure, reaching 
approximately 3 meters per cell if stretched out (7).  
The genome is made up of four smaller entities; adenine (A), cytosine 
(C), guanine (G) and thymine (T), which together form deoxyribonucleic 
acid (DNA) through specific pairing of A to T and C to G (6). The first 
indications of the presence of DNA were presented in 1869 (8). The 
presence and structure was further investigated in several reports 
throughout the years (9, 10). However, it was not until 1953 that James 
Watson and Francis Crick discovered the full structure of the molecule, 
leading the way to future discoveries (11). DNA forms a double stranded 
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helix, meaning that it is composed of two long strands of A, C, G and T, 
which pair to each other and twist around into a helix-like structure. In 
1990, a project termed The Human Genome Project (HGP or HUGO) 
was initiated and the first draft of the whole human genome was 
completed 2001 with a further update in 2003 (12). The genome is 
composed of many different regions, some of which do not have a 
detected biochemical function, and others that are used as a “blueprint” 
for the generation of another molecule, denoted ribonucleic acid (RNA).  
RNA can have many different functions, as described later in section 3.1. 
One distinct difference between RNA and DNA is that the bases have a 
subtle different structure; T is also missing and is replaced by another 
base, uracil (U) (13). Most RNA molecules are single stranded as 
compared to DNA, and are much less stable, meaning they can be 
degraded at a much faster rate (14). The gene concept was previously 
only applied to parts of the DNA that code for RNA, that are then further 
used to generate proteins, known as protein-coding (15). Proteins are the 
molecules that carry out functions in the cells or make up many basic 
structures. Proteins are composed of smaller molecules; called amino 
acids, forming a chain that is then folded into active structure (6).  
However, the concept of a gene is more complex, and the definition 
varies. One definition is: “A gene is a union of genomic sequences 
encoding a coherent set of potentially overlapping functional products” 
(16). My personal definition would be something in the line of: “A part of 
the DNA that is transcribed into RNA and has a function”. Even though 
not only protein-coding parts are considered genes, these parts play the 
most crucial role in a cell’s function. As stated by the Central Dogma, 
published by Crick in 1958 (17), DNA is transcribed into RNA, which is 
further translated into proteins. Once the information has translated into a 
protein, it cannot be reversed again. Thus, DNA can code for RNA 
(transcription) as well as for DNA (replication), and RNA can code for 
proteins (translation), DNA (reverse transcription) and RNA 
(replication), but proteins cannot code for either DNA or RNA (Figure 2).  
Two common approaches to measure the activity of genes, is to either 
look at detected proteins or at detected RNA molecules, a procedure 
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called gene expression analysis. Even though our DNA contains all 
genes, some are active and some are inactive depending on several 
factors such as cell types, stage of life and present activity (18–20).  
In 2003, a project aimed to map out the expression and location of all 
human proteins in different cells and tissues was started at KTH Royal 
Institute of Technology. The project was denoted The Human Protein 
Atlas (HPA) and was reported to have reached its goal in 2015 (21–23). 
In late 2016, another international project was initiated, denoted Human 
Cell Atlas (HCA). The aim of this project is to make a gene expression 
atlas over all cell types in the human body (24). 
 

 
 
Figure 2. The central dogma 
The central dogma states that once the information has been translated 
into a protein, the information is trapped. Both DNA and RNA can code 
for DNA and RNA whereas proteins cannot. 

 
1.3. Mutations and their role in evolution and disease  
 
Mutations are changes in the genomic sequence that can occur during cell 
divisions (when cells replicate) due to mistakes carried out by the 
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polymerase when copying the old DNA strand. Although most of these 
mistakes are fixed by the cells’ repair mechanisms, some mistakes remain 
and give rise to permanent mutations (6, 25). Mutations can also be 
induced by other factors such as radiation, free radicals and exposure to 
chemicals (26–28).  
If a mutation occurs in a somatic cell (non-sex cell) in the body, it’s 
called a somatic mutation and is not transferable to the offspring. 
However, if the mutation occurs in a germline cell (sex-cell), it is can be 
transferred to the next generation (29).  
Mutations can be silent, meaning they do not change the amino acid 
composition of the protein. However, this type of mutation can still have 
an effect (30). They can also be missense mutations, leading to a changed 
amino acid sequence; this does not necessarily mean that the proteins’ 
function is changed (31). A third type of mutation is called nonsense 
mutation and induces a stop signal in the sequence, leading to a truncated 
and non-functional protein (32).  
If a mutation occurs in a germline cell it will be part of the evolution 
process and it can give rise to the development of new species after many 
generations (33, 34). However, a mutation may also lead to the 
development of diseases such as cancer. Unfortunately, cancer is an 
unavoidable event and is related to increasing age. In theory it will sooner 
or later occur in all organisms; the question is whether the organism will 
die from another cause before cancer has developed or advanced (35). 
For cancer to occur, several mutations are needed in different parts of the 
genome in the same cell. Some mutations will damage the ability for a 
cell to repair itself, and a cascade of mutations can follow. The two 
typical types of mutations needed for cancer to develop is a mutation in 
an oncogene, leading to an increased expression of that gene, and in a 
tumor suppressor gene, leading to the decreased expression of that gene. 
When these mutations occur, the cell can no longer control its machinery 
and starts to divide in an uncontrollable manner, leading to the formation 
of a tumor (25).  
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2. Sequence-based detection and analysis of nucleic acids 
 
Nucleic acids have a fundamental role in biology and this thesis describes 
our capability to achieve detection and analysis of RNA in complex 
samples. Only a decade ago, we were not in the vicinity to being able to 
detect these molecules at the scale we can today. 
 

2.1. PCR and RT-PCR 
 
The 1993 Chemistry Nobel prize winner, Kary Mullis, developed the first 
standard method for amplification of DNA in 1983. The method was 
termed polymerase chain reaction (PCR) (36) and is still used to a very 
large extent in today’s protocols. Even though Mullis developed PCR, the 
theory behind the method was described more than a decade earlier by 
Kjell Kleppe and Laureate H. Gobind Khorana (37). The PCR is based on 
a repeated cycling protocol with three distinct steps in each cycle. 
Initially the DNA is heated up in order to become single stranded. The 
temperature is then lowered in the second step, thus allowing 
hybridization of specific primers, flanking the site of interest. The last 
and final step of each cycle is the extension, in which a DNA polymerase 
extends the primers and copies the area of interest. PCR makes it possible 
to amplify and detect regions of interest, if the flanking regions are 
previously known. In theory, the number of molecules is doubled in each 
cycle, making the amplification exponential. The exponential character of 
the method does, however, lead to introduction of amplification bias. If a 
certain molecule is not picked up and amplified in the early cycles (first 
to third cycle) it will most likely not be detected at all. Some sequences 
are also less easily amplified due to the polymerases preference and the 
formation of secondary structures when parts of the sequences fold and 
hybridize onto themselves (38–40). The first protocols used a heat 
sensitive polymerase, which required the addition of new enzymes after 
each cycle. In 1989, this enzyme was replaced by a newly discovered 
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heat stable polymerase, increasing the methods efficacy and decreasing 
the cost (41).  
In the field of gene expression analysis, PCR became a key technology 
by the development of Real Time Quantitative PCR (RT-PCR or qPCR) 
(42, 43). By adding fluorescent molecules that bind to double stranded 
DNA, the amplification can be monitored and an increase in signal can be 
observed when a transcript is detected. Earlier detection means higher 
expression, and since the molecules are doubled in each cycle, it is then 
possible to calculate relative expression values of a set of genes (44). RT-
PCR is still used in some protocols today, especially for control 
experiments in combination with higher throughput methods. 

 
2.2. Microarrays 
 
Another important invention for sequence analysis is the microarray. The 
idea is that probes with known sequences are deposited or synthesized 
into spots or clusters, usually immobilized on a solid surface. Biological 
material is then extracted, and labeled. By adding this material to the 
microarray surface, sequences that are present in the sample can be 
detected through hybridization and imaging (45, 46). Before RNA-
sequencing was introduced, microarray was the most common method for 
gene expression analysis, due to the capacity for a much higher degree of 
multiplexing than RT-PCR. Microarrays can be manufactured in a 
number of ways such as ink-jet printing (47), by light synthesis (48) or by 
randomly distributed beads with attached probes (49). 

 
2.3. Sequencing 
 
The work in this thesis is based on sequencing, which is a superior tool in 
terms of throughput and detection of novel and lowly expressed genes, 
compared to using RT-PCR or microarrays. However, the papers 
described in this thesis take advantage of both RT-PCR and the concept 
of microarrays, although not in a conventional way. The work in this 
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thesis has been carried out using Illumina sequencing; therefore these 
methods will be explained in more detail.  
Besides providing new knowledge for fundamental science, sequencing 
has also started to replace biomarkers and microarrays as a diagnostic 
tool (50–56). 
 

2.3.1. History 
 
The first sequencing was carried out and published as early as 1972 (57). 
However, the first method that made sequencing readily available was the 
Sanger sequencing, published in 1977 (58, 59). In this method, DNA 
fragments of variable lengths are generated by incorporating chain 
terminating nucleotides and visualized on a gel. Another method was also 
developed around the same time (60), but the Sanger procedure 
dominated the field. During the nineties, scientists at KTH Royal Institute 
of Technology (61, 62) developed Pyrosequencing. This technology is 
based on a synthesis-by-sequencing (SBS) principle, where individual 
nucleotides are added, one by one, and detected by light that is emitted 
during the release of pyrophosphates.  In 2005, the Pyrosequencing 
technology was incorporated into a second-generation sequencing 
platform by the company 454 Life Sciences (later purchased by Roche) 
where the performance was improved (63). The 454 platform was later 
discontinued but the Pyrosequencing technology is still being sold by 
Qiagen (64). Another platform with limited worldwide use, is Complete 
genomics (65). The platform was bought by Beijing Genomics Institute 
(BGI) and is used as a service in China in their latest platform, BGISEQ-
500 (66). Other platforms, no longer commercially available, include 
SOLiD by Life Technologies (sequencing by chain ligation)(67) and 
Helicos (68).  
 
Another SBS method emerged from the small British company Solexa in 
2006 (69). This method was based on chain-terminated nucleotides, not 
too dissimilar to Sanger sequencing. However, the termination was 
reversible, making it possible to continue the synthesis after each base 



 9 

was detected. The company was quickly acquired by Illumina Inc. (70, 
71), and the SBS technology remains to be the basis of the current 
Illumina platforms.  
 
There are also a number of companies, with other sequencing technology 
principles. Among some of these companies and platforms is Oxford 
Nanopore Technologies (72–74), Ion Torrent (75, 76) as well as, the 
method of choice for long-read sequencing, Pacific Biosciences (Pacbio) 
(77, 78).  
 

2.3.2. Illumina sequencing 
 
Illumina has dominated the sequencing field for several years now and is 
unquestionably the most used platform. Before the actual sequencing is 
carried out, an initial step called library preparation has to be carried out. 
In this step, two different short DNA probes (adapters) are attached to the 
ends of each DNA molecule (fragments) to be sequenced. This allows 
each fragment to have different adapters on both ends. Once all DNA 
fragments have these adapters, the sample is called a library, and the 
sequencing can be performed.  
Illumina’s standard sequencing technique is based on the formation of 
clusters on a chip surface, an approach denoted bridge amplification. The 
chip surface contains two types of immobilized probes; one that is 
complementary to the first adapter and another that is a copy of the 
second adapter. Initially, the library is diluted and loaded onto the chip. 
The first adapter hybridizes to the complementary probe on the surface 
and an extension step is carried out. The newly synthesized sequence is 
now attached to the surface and is then made single stranded. This allows 
the second adapter to hybridize to the other probe on the surface, forming 
a bridge-like structure. A second extension step is then carried out, 
generating a complementary strand, also attached to the surface. Both 
strands are then made single stranded, and the bridge amplification 
process can continue, now with both strands getting amplified. After a 
couple of cycles, each DNA molecule has been amplified on the surface, 
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forming a cluster, which can be detected in the later, sequencing step. 
The actual sequencing starts by the addition of a primer, which hybridizes 
to the newly generated surface molecules. Then all four terminated bases 
are added, each with a differently colored fluorescent molecule attached. 
Only the right nucleotide will be incorporated and can then be identified 
with a laser, before the termination site is removed and the next base can 
be incorporated. This process continues for a desired number of cycles, 
usually around 100 nucleotides, but can also be longer or shorter 
depending on what is needed for the research question. If the sequencing 
is carried out with several samples in the same run (multiplexing), 
another primer is added and a short index sequence -included in one of 
the adapters- can be read, making it possible to distinguish samples 
computationally in a later step. If the libraries require paired-end 
sequencing, meaning sequencing information from both ends of each 
fragment, the direction of fragments on the surface is changed by another 
bridge step. Then the first strand is cleaved off the surface, and a primer 
is added so that the sequencing of the second read can continue.   
Illumina has several platforms which all have different features. Some of 
the highest throughput platforms include the HiSeq machines, while the 
company also has a set of “bench top” sequencers that are user friendly 
and only takes a few hours to complete a sequencing run, generating 
several millions of raw reads. The most common “bench top” sequencers 
are MiSeq and NextSeq as well as the target based MinSeq. Most of the 
machines are built on the same technology as first invented by Solexa, 
however important updates and changes have been made. NextSeq for 
example, only uses two colors and takes advantage of dark cycles and a 
mix of the two colors in order to decode all four bases. The recent 
addition of a new high throughput instrument NovaSeq appears to be a 
combination of both NextSeq and the HiSeq X instruments. 
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3. Transcriptomics 
 
Transcriptomics refers to the analysis of RNA species from biological 
materials. Traditionally only messenger RNA (mRNA), which codes for 
proteins, has been of the most interest, but several other RNA species 
with known and unknown functions are present and can be equally 
important depending on the biological question. 

 
3.1. The transcriptome 
 
The transcriptome is complex and consists of many different RNA 
species with varied functions, structure and sizes, such as ribosomal RNA 
(rRNA), transfer-RNA (tRNA), mRNA, long non-coding RNA 
(lncRNA), small RNA and circular RNA (circRNA). 
 

3.1.1. Ribosomal RNA and transfer-RNA 
 
Ribosomal RNA is the nucleic acid component of the ribosome, a 
structure composed of both RNA and proteins, with the main 
responsibility for protein synthesis. The ribosomal molecule is composed 
of one large and one small subunit, termed 60S and 40S in eukaryotes. 
The large subunit is composed of the shorter 5S and 5.8S as well as the 
longer 28S, whilst the small subunit consists only of the 18S subunit (79). 
Ribosomal RNA is unquestionably the most abundant RNA in all cells, 
compromising approximately 90% of the total RNA contents per cell 
(80). 
Another highly abundant RNA species involved in protein synthesis is 
tRNA. It is composed of RNA molecules with a typical size of around 
76-90 nucleotides (81). The molecule has a 3D L-shaped tertiary 
structure, which is needed to fit into the ribosome (82). Its main function 
is to transfer amino acids to the ribosome (83). 
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3.1.2. Messenger RNA 
 
The main part of this thesis has been focused on analyzing the protein-
coding part of the transcriptome, comprised of mRNA molecules. The 
generation of mRNA molecules is a three-step process and starts with the 
transcription of the part of DNA that codes for the gene. This step is 
carried out inside the nucleus by the enzyme RNA polymerase II, 
generating a molecule called a pre-mRNA. The pre-mRNA molecule is 
then further processed by the addition of a 7-methylguanosine cap to the 
5’-end, a structure responsible for stability of the molecule, export and 
translation (84). The introns are then further removed and exons are 
ligated together in a process known as splicing, also leaving untranslated 
regions on the 3’- and 5’-ends (UTRs). The 3’-end is also processed by 
the cleavage and addition of a long chain of As (poly-A tail), a process 
called polyadenylation, important for later export, translation, and 
stability (85) (Figure 3). These spliced mRNA molecules have a typical 
size of 2-5 kb in mammalian cells, but can also be much longer or shorter 
(86). In the final step, the mRNA molecules are packaged together with 
proteins, and exported to the cytoplasm where they can be used for 
translation of proteins. Although described as a three-step process, these 
steps do occur somewhat simultaneously rather than one after the other. 
The mRNA can also be subject to further editing by adenosine 
deaminases, which deaminates adenosine into inosine (87). This process 
has been identified to occur in several different tissues, at different 
developmental stages and diseases, and is known to influence splicing 
and gene expression (88–90). 
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Figure 3. Transcription and processing of mRNA 
Transcription by an RNA polymerase generates pre-mRNA molecules 
containing both introns and exons. These molecules are further processed 
by the addition of a 5’-cap as well as by polyadenylation of the 3’-end. 
The mRNA becomes mature through an event called splicing, where 
introns are cut away. Most pre-mRNA molecules can be spliced into 
several different versions of mature mRNA molecules, depending on 
which exons are included (splice variants).  

 
3.1.3. Long non-coding RNA 
 
Long non-coding RNAs are usually longer than 200 bases. Roughly half 
of the lncRNAs are polyadenylated, making it possible to detect them 
even with methods that use the poly-A sequence for capture. Previously 
believed to have no function, many of these molecules have now been 
demonstrated to have important implications in gene regulation and other 
cellular processes (91). They also play important roles in cancer where 
they enhance tumor suppressor and oncogenic functions (92, 93). 
Transcripts, previously annotated as lncRNA have also been shown to be 
translated into short peptides in specific tissues, with biological 
implications (94). 
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3.1.4. Small RNA 
 
First discovered more than 20 years ago, small RNAs are several classes 
of short molecules, approximately 20-200 bases long. They are usually 
involved in gene silencing. Examples of the classes are microRNA 
(miRNA), small interfering RNA (siRNA) and Piwi-interacting RNA 
(piRNA) (95). 

 
3.1.5. Circular RNA 
 
Although the presence of circRNA has been known since 1993 (96), 
recent RNA-sequencing strategies have revealed that a significant 
number of genes can also be present in the form of circRNA.  These 
RNA species are believed to be generated when the 3’-end of an exon is 
ligated to the 5’-end of another exon that is located upstream instead of 
downstream of the first exon, producing circular RNA molecules and 
affecting gene expression (97, 98). Studies have shown that these 
molecules are much more prominent in some tissues than others, and 
have been shown to be conserved (99, 100). 

 
3.2. RNA-sequencing 
 
RNA-sequencing (RNA-seq) uses high-throughput sequencing in order to 
gain transcriptome information from biological samples. The data can 
provide information about gene expression, splice variants and be used to 
discover novel transcripts depending on the library preparation used. Due 
to the instability of RNA compared to DNA, an initial and crucial step 
when performing RNA-seq, is to first convert the RNA into the 
complementary DNA (cDNA) by using an enzyme called reverse 
transcriptase (RT) (101, 102). RNA-seq was quite early compared to 
microarrays and was believed to be the future (103–106).  
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3.2.1. Protocols 
 
In 1991 the first method for sequencing RNA molecules was developed. 
The method was termed expressed sequence tags (EST) and was used to 
read short sequences from randomly selected cDNA clones. The method 
was not suitable for larger projects due to cost and throughput (107). 
In  1995, the method, serial analysis of gene expression (SAGE) was 
reported. The method used Sanger sequencing and made it possible to 
carry out analysis of a large number of transcripts simultaneously. It was 
used as a preferred strategy for many years (108, 109). 
In 2003, another tag-based method was invented, which relied on 
trapping of the 5’-cap. The method was named cap analysis of gene 
expression (CAGE), and appeared just before introduction of today’s 
high throughput sequencing methods (110). Today, the CAGE protocol is 
still being used and has been shown to be a good complement to regular 
RNA-seq (111). 
Many protocols for RNA-seq are designed to capture full-length 
transcripts. The first analysis of full-length RNA molecules was reported 
in 1996 (112). However, the full-length sequences could not be obtained 
at a whole transcriptome level with the sequencing technologies at the 
time. Today’s best protocols use a combination of rRNA depletion with 
random priming in order to ‘capture’ full-length whole transcriptomics 
data. Protocols based on poly-A capture to reduce the number of 
ribosomal reads, automatically exclude non poly-adenylated RNA species 
from the data, and full-length coverage is highly dependent on RNA-
quality, reducing it’s use for FFPE and other low quality samples (113–
115). 

 
3.2.2. Single cell transcriptomics 
 
Traditionally, RNA-seq relies on mechanically or enzymatically digested 
cells and/or tissue to obtain the nucleic acids to be analyzed, methods that 
are well established but suffer important drawbacks. The data represents 
an average expression pattern of the cells in the population/tissue since 
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they are mixed together. Consequently, expression data from rare cell 
types is missed. Genes exclusively highly expressed in rare cells, will be 
filtered away as noise or appear to have a low expression in the averaged 
sample. In order to circumvent these problems, one can isolate and 
generate sequence data from single cells, either from solution or from 
dispersed tissue samples. These methods give us the opportunity to find 
subpopulations of cells with distinct biological functions, both in healthy 
and in diseased samples (116, 117). However, there are some limitations 
and challenges with single cell transcriptomics. Most of the issues are 
related to low sensitivity and stochastic exclusion of many molecules 
(high dropout). These characteristics put a higher demand on the planning 
and the experimental work as well as the data analysis (118–120). In an 
optimal world, single cells are analyzed as whole cells, including the 
cytoplasm, where most RNA molecules are present. However, if it’s not 
possible to retrieve whole cells, such as in many frozen tissue samples, 
another approach is to only use the nucleus, a strategy termed single 
nuclei sequencing. Some drawbacks with this method include decreased 
sensitivity due to lower abundance of RNA in the nucleus compared to 
the cytoplasm, as well as detection of many pre-mRNA molecules instead 
of mature mRNA (121, 122). 
 
The first single cell sequencing was carried out and published in 2009 by 
Tang et al. (123). The paper describes sequencing of single mouse 
blastomeres and uses a modified version of a protocol developed for 
microarray analysis (124). Briefly, one sequence to which the PCR 
primers can hybridize (anchor site), is introduced by cDNA synthesis 
through poly-T priming (to the poly-A tail). The second anchor site is 
added to the 3’-end of cDNA by poly-A tailing using the enzyme 
terminal transferase (TdT) (125). Amplified single cell libraries are then 
fragmented and sequenced on the SOLiD system. A further developed 
and more sensitive version of this protocol was published in 2013. The 
method was termed Quartz-Seq and used a PCR suppression and single 
tube reaction strategy, as well as Illumina sequencing (126). 
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In 2011, another single cell protocol, single-cell tagged reverse 
transcription sequencing (STRT-seq), was developed at Karolinska 
Institutet (127). The method is also dependent on the introduction of a 
PCR anchor site through the poly-T primer, but instead of by 
polyadenylation of the cDNA, the second anchor site is added through the 
reverse transcriptase’s ability for template switching when reaching the 
end of an RNA template (128). The second anchor site also has barcode 
sequences, which are used to decode from which cell each read 
originates, enabling multiplexing but limiting the data to 5’-tag 
information. In 2014 the protocol was updated with the introduction of 
unique molecular identifiers (UMIs) (129), a random sequence 
introduced in each read in order to distinguish unique molecules from 
PCR duplicates, important for noise reduction and more accurate 
determination of gene expression (130, 131). 
 
In 2012, a method termed CEL-seq was published (132). The method is a 
combination of a single cell amplification protocol, developed more than 
20 years earlier (133, 134) with the barcoded strategy of STRT-seq. 
Taking advantage of linear amplification by in vitro transcription (IVT) 
(135), the method produces 3’-tag data and should theoretically introduce 
less amplification bias compared to PCR. The protocol has been further 
altered with the addition of UMIs (136). A modified version of the CEL-
seq protocol is used in the papers included in this thesis (I, II, III, IV).  
Furthermore, the protocol has also been modified in order to analyze 
RNA and DNA from the same cells (137). The protocol was even 
updated in 2016 and renamed to CEL-seq2, simplifying the method, 
increasing the sensitivity and decreasing the cost (138). 
 
Two other notable 3’-tag and PCR based single cell protocols have also 
been developed, single cell RNA barcoding and 
Sequencing (SCRB-Seq) in 2014 (139), and single-cell mRNA 3-prime 
end sequencing (SC3-seq) in 2015 (140). 
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Although most single cell methods are tag-based, certain questions 
require full length RNA. In 2012, a protocol based on the SMART™ 
technology (141) was developed at Karolinska Institutet. The method was 
termed SMART-seq (142) and showed full length coverage. The protocol 
was further optimized in 2013, improving the sensitivity and full-length 
coverage, and was re-named Smart-seq2 (143). The method has some of 
the best sensitivities reported, and is, by far, the best choice available 
today when investigating different splice variants and mutations in single 
cells. However, the lack of barcoding reduces the throughput, and the 
lack of UMIs is also a concern regarding accurate gene expression 
determination. However, using spike-in molecules, at known 
concentrations, can compensate for this (144–146). 
 

3.2.3. Data alignment 
 
RNA-seq data usually consists of several million reads from the 
sequencer. In order to make sense of this data, each read needs to be 
aligned/mapped to a reference genome or transcriptome. The main 
principle is that each read is matched to the reference, and the position of 
the best match is stored. Three common software programs for alignment 
are BWA (147) and Bowtie/Bowtie2 (148, 149). These programs are 
mainly developed for DNA-sequencing and are decent choices for tag-
based protocols or for when using pre-assembled transcriptomes as 
reference. However, they are not the best choice for analysis of full-
length RNA-seq data due to splice sites, complicating direct alignment to 
the genome. Instead, software programs that are “splice-aware” are a 
better choice. Some of the most common ones are TopHat (150), 
MapSplice (151), GSNAP (152), RUM (153) and STAR (154). 
 

3.2.4. Quantification and normalization 
 
An important step in RNA-seq is to determine which reads are aligned to 
regions annotated as genes. By having a reference file with all known 
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positions of genes, one can decipher which genes are present in a sample. 
Some common tools are to use htseq-count from the Python package 
HTSeq (155) or Cufflinks (156). Another new tool for quantifying 
abundances of transcripts is Kallisto. The tool uses something referred to 
as “pseudoalignment” of reads, in order to make accurate quantifications. 
The tool has proven to be accurate and is extremely fast (157). 
A challenge with RNA-seq data is the normalization. The output is 
usually comprised of mapped and annotated reads. However, due to 
differences in sequencing depth and sample preparation, the data has to 
be normalized so that all samples are on a comparable level. If the library 
preparation method generates tag-data, and each sample is prepared with 
the same efficiency and sequenced at the same depth, one could use raw 
counts. However this is rarely the case and there are a number of 
normalization strategies developed for this purpose. For full-length 
transcripts, the length of each gene has to also be taken into consideration 
in the normalization. The most common strategies are Reads Per 
Kilobase of exon per Million mapped reads (RPKM) (158), Fragments 
Per Kilobase of exon per Million mapped reads (FPKM), which are 
implemented in Cufflinks, or Transcripts Per Million (TPM) (159). For 
full-length data, proper determination of splice variants is usually desired. 
Besides Cufflinks there are other tools that can be used for this task, 
examples include Sailfish (160), RSEM (161), MISO (162), PennSeq 
(163) and WemIQ (164). 
Other normalization methods that do not take the gene length into 
consideration can also be used. These include the use of the Trimmed 
Mean of M-value (TMM) implemented in the R package edgeR (165, 
166), the median ratio normalization implemented in the R package 
DESeq (167), and DESeq2 (168) or just Counts Per Million (CPM) (169). 
For single cell data, any of the methods can be used. However, because of 
stochastic dropout of many genes due to low sensitivity (zero inflated 
data), specialized normalization methods for these kinds of data have 
been developed (170). 
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3.2.5. Downstream analysis 
 
There is a plentiful amount of ways to do downstream analysis of RNA-
seq data, and the approach is highly dependent on the biological question. 
However, some common approaches are clustering of data (171, 172), or 
separation of samples by dimensionality reduction methods, such as PCA 
(173) or t-SNE (174), in order to highlight and discover differences 
between samples. 
Another common analysis is to look for differentially expressed genes. 
Differentially expressed genes can be defined as being up- or down-
regulated between compared samples. Each set of samples needs to have 
several replicates in order for the results to be statistically significant. 
Common programs for bulk samples include DESeq/DESeq2, edgeR, 
limma (175), cuffdiff/cuffdiff 2 (176) and BaySeq (177). For single cell 
analysis, new programs are being developed and released at an increasing 
rate. Some notable programs, for clustering, dimensionality reduction and 
differential expression analysis, are Seurat (178), Monocle (179) and 
SCDE (180). 
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4. Methods for spatially resolved transcriptomics 
 
As described in the previous chapter, RNA-seq is traditionally carried out 
using bulk samples, making the data represent an average expression 
pattern of the cells in the sample. Therefore, expression data from rare 
cell types or small tissue structures is overlooked. Another problem with 
these studies, as well as with most single cell sequencing methods, is that 
the spatial context of the cells or data points is lost. Although, bulk 
sequencing has provided us with many biological breakthroughs, one 
cannot ignore that fact that analysis without having positional 
information leaves many questions regarding specific functions or disease 
states within samples with complex structures, unanswered (88,89). All 
approaches described in this chapter are summarized in Table 1. 
 

4.1. Genome-wide approaches for spatially resolved transcriptomics 
 
Spatially resolved genome-wide approaches refer to methods where all, 
or most of the expressed genes can be detected in a particular sample, and 
where the location of each detected gene can be determined. To achieve a 
spatial dimension, the target material can be obtained by either 
microdissecting regions of interest or by direct RNA capturing from 
tissue onto a solid surface (I, II, IV). 

 
4.1.1. Dissection methods 
 
A common way to obtain nucleic acid material from cells or tissue 
regions of interest is by using a technique called Laser Capture 
Microdissection (LCM). In this method, a laser beam is used to 
physically separate cells from the surrounding tissue or medium. The 
selected sample can then be collected into a tube and further processed 
(Figure 4). There are several ways of extracting the samples; it can be 
done by pressing a sticky surface onto the sample and extracting it, by 
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melting a plastic membrane on the sample and collecting it, or by 
methods without contact, for example by using a catapult strategy or by a 
method called laser induced forward transfer (181–183).  
Recently, this technique has also been used to collect both DNA and 
RNA from then same regions within cancer tissue. This work has 
provided the possibility to combine gene expression information with 
genomic mutations, copy number variations as well as information about 
aneuploidy and allele-specific expression (184). 
In another recent work, the authors used LCM to collect single neurons 
from mouse and human brain samples. They further used Smart-seq2 in 
order to gain full length RNA information from the collected cells (185). 
However the LCM technology suffers from some significant drawbacks 
for these types of studies. First the cells or regions of interest need to be 
known beforehand since the analyses can only be carried out on the 
collected samples. Therefore, information will be missed within the 
samples. The method is also technically challenging, time-consuming and 
does not work well on fixed samples. The throughput, regarding the 
number of cells or regions that can be analyzed in parallel is also quite 
low. 
 

 
 
Figure 4. Laser Capture Microdissection 
Cells or regions of interest can be cut from the rest of the tissue with a 
laser, and then collected in a tube for further processing; for example, to 
generate libraries for genome or transcriptome sequencing. 
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Another method for dissecting spatial areas of interest is a method called 
Tomo-seq, which was published in 2014. In this method, a whole tissue 
section is cut into thin sections along one of the axes. These pieces are 
then collected into tubes and further processed (186, 187). This method 
does not rely on the previous knowledge of the regions of interest since 
the whole tissue section is collected (Figure 5). However, since the tissue 
is dissected along one of the axes, the technique is more suitable for 
samples of elongated shape such as zebrafish embryo and C. elegans etc., 
rather than larger specimens such as clinical samples from mastectomies. 
 

 
 
Figure 5. The Tomo-seq approach 
In this approach, the sample is cross-sectioned along one of the axis. The 
sections are then collected into tubes for further processing such as 
cDNA synthesis, library preparation and sequencing.  

 
4.1.2. Solid surface capture 
 
The main focus of this thesis is a strategy based on solid surface capture 
of RNA. The method is further described in the present investigation. 
Briefly, thin tissue sections are placed on a glass surface with 
immobilized and barcoded capture probes. The tissue is imaged and 
treated so RNA diffuses out from the cells and is hybridized to the 
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capture probes. Next, cDNAs are generated, released, amplified and 
sequenced.  Due to the barcode sequence and the reference image, it is 
then possible to trace each detected gene back to a spatial location in the 
tissue (I) (Figure 8, 10). 

 
4.1.3. Analysis of living tissue 
 
The methods presented so far are all designed for tissue containing non-
viable cells. However, many biological questions would need the cells to 
be alive in order to correctly interpret the gene expression. In 2014, a 
method named Transcriptome In Vivo Analysis (TIVA) was published. In 
this method, a double stranded poly-A/poly-U probe, conjugated to a cell 
penetrating peptide (CPP) (188, 189) is added to thin sections of living 
brain tissue, allowing cellular uptake of the probe. The poly-A region of 
the probe also contains a photo-cleavable linker, which is further used to 
enrich the desired RNA. A UV light beam is applied to the cell of 
interest, cleaving the poly-A region and exposing the poly-U sequence. 
The sequence can then hybridize to mRNA, and the RNA from the 
selected cell can be fished out and analyzed (190). 
TIVA has a great resolution since it is possible to analyze single cells or 
even single axons, and is so far the only method than can be applied to 
living tissue. However, in terms of the numbers of cells that can be 
analyzed in parallel, the method has very low throughput. 

 
4.2. Spatially resolved single cell methods with limited gene detection 
 
These methods refer to different types of targeted or limited approaches 
with spatial information. All of them are carried out directly in the tissue 
rather than collecting the material into solution. 

4.2.1. In situ hybridization 
 
The principle of in situ hybridization (ISH) is to use a labeled probe, 
complementary to the target of interest (RNA or DNA). The hybrid can 
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then be visualized directly in the tissue, usually after some type of 
processing, revealing information about expressed genes and specific 
sequences (Figure 6). The method has existed since the 1960s (191) but 
has recently received more attention due to the increased demand for 
single cell analysis. In 2007, the ISH method was the method of choice 
for the Allen Brain Atlas initiative to characterize the spatial localization 
of more than 20,000 expressed genes in the mouse brain (192, 193). 

 
4.2.2. Single molecule fluorescent in situ hybridization 
 
Based on the concept of ISH, the single molecule fluorescent in situ 
hybridization (smFISH) method uses several probes per gene in order to 
increase sensitivity. Instead of a processing step, the probes are already 
labeled with fluorescent molecules, which simplify the detection process 
(Figure 6). The method appeared in 2008 and is used to make an absolute 
count of expressed genes in single cells. It is considered to detect at least 
80% of all mRNA molecules present, making it the most sensitive 
method for transcript quantification. Besides the excellent sensitivity of 
smFISH, this method has also made it possible to determine the 
subcellular location of specific transcripts (194–196). 
 
The method has then been further developed by at least two different 
laboratories, in order to be able to multiply the number of genes that can 
be detected in parallel. These developments are based on combinatorial 
hybridizations and probe removal or bleaching, as well as computational 
encoding schemes, in order to detect several genes in the same sample 
(197–202). 
However, even with these improvements there is still a limitation in the 
number of genes that can be detected in parallel. Another drawback of 
these methods is the fact that the genes of interest need to be known 
beforehand, decreasing the possibilities for new discoveries. 
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4.2.3. In situ sequencing 
 
Two different in situ sequencing methods have been developed during 
recent years (Figure 6). Both have considerable similarities but also 
important differences. 
In 2013, the first method was published. It relies on the hybridization of 
padlock probes (203) to known target genes, and therefore suffers from 
the same limitation as ISH and smFISH. The padlock probe is then 
amplified into small “Nano balls” by rolling circle amplification (RCA) 
(204, 205). Then either a short part of the gene sequence, or a barcode in 
the padlock probe, is sequenced directly in the tissue thus determining the 
gene as well as the location (206, 207). 
The second method, called FISSEQ, published in 2014 is very similar to 
the first method. However, FISSEQ does not use padlock probes with 
targeted gene sequences, in theory extending the method from a targeted 
approach to a whole transcriptome approach. However, due to the size of 
the generated “Nano balls”, the size of a cell and technical limitations of 
optics, only a few hundred molecules can be detected in each cell (208, 
209). 
 

 
Figure 6. In situ methods 
For In situ hybridization, probes are hybridized to the sequence of 
interest. The probes can either be labeled from the start or made visible 
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through a later processing step. For smFISH, several probes per 
transcript are typically used in order to get a stronger signal. For In situ 
sequencing, cDNA is generated and padlock probes are hybridized. 
Padlock probes are closed and amplified by RCA into “Nano balls” that 
can be detected through the addition of labeled probes.     

4.3. Computational methods 
 
In 2015, two similar papers were published in the same issue of Nature 
Biotechnology. They both addressed the same problem; the spatial 
location of single cells. Both papers used a combination of transcriptome 
sequencing data from isolated single cells and ISH data from intact tissue. 
The data was combined computationally and the single cells could be 
mapped back to the spatial position in the tissue they derived from (210, 
211). Even though these were two landmark reports, both groups used 
model organisms and they did not provide any data on how well the 
methods would have worked on other types of samples, for example 
human clinical samples. 
 
Method Throughput Single 

cell 
Detection Sensitivity Applied 

to 
clinical 
samples 

LCM LOW YES GENOME-WIDE MID YES 
Tomo-seq HIGH NO GENOME-WIDE MID NO 
Spatial 
transcriptomics 

HIGH NO GENOME-WIDE MID YES 

TIVA LOW YES GENOME-WIDE MID NO 
ISH HIGH YES TARGETED MID YES 
smFISH HIGH YES TARGETED HIGH YES 
In situ 
sequencing 

HIGH YES TARGETED / 
(GENOME-WIDE) 

LOW YES 

Computational 
methods 

HIGH (YES) TARGETED / 
(GENOME-WIDE) 

MID NO 

 
Table 1. Overview of methods for spatially resolved transcriptomics 
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5. Single cell isolation and transcriptomics platforms 
 
One of todays most emerging fields in transcriptomics is single cell 
sequencing. Single cell analysis used to suffer from low throughput of the 
numbers of cells that could be analyzed in parallel due to manual 
selection and isolation procedures (212). Recently, the technological 
development has evolved further and today several thousands of cells can 
be analyzed simultaneously by the introduction of droplet- and well-
based platforms (213). Most of the approaches in this chapter are 
summarized in Table 2. 
 

5.1. Droplet-based methods 
 
Droplet–based methods have evolved to be the first choice for high 
throughput single cell transcriptomics. The basic concept is that cells are 
trapped in small droplets together with the reagents (Figure 7). This 
makes it possible to trap single cells into each droplet, whilst the reduced 
volume increases the sensitivity and reduces the reagents costs. At 
present, there are several different droplet-platforms, the most common 
ones are commercial but there are also non-commercial platforms, 
developed and used by universities and institutes. However, a common 
problem with droplet-based methods is their low capacity to encapsulate 
cells with irregular shapes, as well as sensitive cells that burst during 
sample preparation. In addition, not all tissues can be dissociated to 
single cells due to for example extensive extracellular matrixes. These 
characteristics can lead to the loss of important cellular components and 
increase the risk of contamination through free-floating RNA. 
 

5.1.1. Commercial platforms 
 
The first and most used platform for automated single cell 
transcriptomics is the Fluidigm C1. The platform was available as “early 
access” in 2012 and was later released to the public in 2013. The 
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maximum capacity at the moment is around 800 cells per run, and 
libraries which can be generated with a selection of different library 
protocols such as SMART-seq, CEL-seq etc., only take a few hours to 
complete (214).The C1 system has been used in a substantial number of 
projects in the field of oncology (215, 216), stem cell research (217, 218), 
neurology (219, 220), population screening (221, 222), etc. The platform 
had previously suffered from problems with the capture of more than one 
cell per droplet, as well as accidentally damaging cells, causing 
contamination in the single cell samples (223). However, these problems 
seem to have been resolved in the later updates. Another issue reported 
with the system is the batch effect. A recent study showed that, even if 
the main proportion of variance in the experiments was due to the origins 
of the samples, a substantial variation could be detected between different 
batches of reagents (224). 
 
In 2016 the company 10xGenomics launched their system after an “early 
access” period in 2015. The platform produces 3’-tag libraries by 
encapsulating single cells with barcoded hydrogel beads. The method 
provides the possibility to capture 700-70,000 single cells in a few 
minutes, and sequencing-ready libraries can be finished in less than 7 
hours, making it the most high throughput platform on the market (225). 
Even though it is a relatively new platform, the 10xGenomics single cell 
transcriptomics system has already been used in several high impact 
publications (226–229). 
 
Another company that has entered the single cell droplet scene is 
Dolomite Bio. Their single cell RNA-seq system can be used with several 
different protocols and captures around 10,000 cells within 15 min (230). 
 
In early 2017, Illumina and Bio-Rad announced the launch of their own 
single cell droplet platform using the ddSEQ™ Single-Cell Isolator. 
However, at this moment the throughput, sensitivity, costs and overall 
performance of the system is not known (231). 
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5.1.2. Non-commercial platforms 
 
In 2014, a method where the single cell Tang protocol (123) was adapted 
to a novel microfluidics platform was published. The method detected 
more genes than the manual SMART-seq protocol and had higher 
throughput. However, only 94 cells were used in the paper and the 
method has not received broader attention (232). 
 
In 2015, two droplet-based methods were published in the same issue of 
the journal Cell, termed inDrop RNA sequencing (233) and Drop-seq 
(234). Both methods are based on the capture of single cells and barcoded 
hydrogen beads inside droplets; however inDrop RNA sequencing uses 
linear amplification (CEL-seq) while Drop-seq libraries are generated 
through a primer addition through template switching followed by PCR. 
The final libraries, generated in both methods, are 3’-tag data since the 
barcode sequence is connected to the poly-T capture region. In an 
independent comparison of single cell transcriptome methods, Drop-seq 
was shown to detect fewer genes than other common methods but was 
very cost effective (235). Both methods were shown to have a high 
throughput in terms of numbers of cells that can be analyzed 
simultaneously. 
 

5.2. Well- and solid surface-based methods 
 
Compared to droplet-based methods, these platforms utilize wells or 
features on an array surface to encapsulate or attach single cells, instead 
of droplets (Figure 7). A main advantage over the droplet-based systems 
is that cells can be more easily imaged and visualized, revealing 
important morphological characteristics. In general however, the 
throughput is lower compared to the best droplet-stations. 
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5.2.1. Commercial platforms 
 
Launched to the market in 2016, the Wafergen ICELL8™ Single-Cell 
System utilizes a chip with 5,184 nanowells, containing dried barcoded 
poly-T primers. Single cells are dispersed into the wells and imaged, 
making it possible for the software to determine the number of cells in 
each well, as well as the viability of each sample. This platform makes it 
possible to analyze up to 1,800 cells simultaneously, independent on size 
and shape (236). The library preparation protocol is a version of the 
SCRB-seq approach, generating 3’-tag data. 

 
5.2.2. Non-commercial platforms 
 
In 2014 an automated high throughput version of the CEL-seq protocol 
termed Massively Parallel Single-Cell RNA-Seq (MARS-Seq) was 
published. The method uses fluorescence-activated cell sorting (FACS-
sorting) (237) into 384-plates and replaces many column purification 
steps with bead purification, in order for the protocol to run on a robot 
station (238). 
 
Another well-based approach was published in 2015, and further 
automated in 2016 (239, 240). Cells and beads with barcoded poly-T 
capture probes are dispersed onto a chip with microwells. The chip is 
then sealed and imaged to determine the wells containing a single bead 
and a single cell. The material is further processed using a modified 
version of the CEL-seq protocol in the first publication, and a modified 
version of the same library preparation used in Drop-seq for the 
automated version. A major drawback with this method at the moment is 
that no decoding of the barcoded beads is used, and therefore, one cannot 
trace the data to a specific image of a cell. The first version of the method 
did not show great sensitivity, capturing very few genes per cell in 
average. However, in the automated version, these numbers have greatly 
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improved. The cost per cell is also very low, making it a good method for 
large-scale studies. 
 
In a similar method called CytoSeq, the developers dispersed barcoded 
beads and single cells over a chip surface with microwells. However, 
CytoSeq is a targeted method, allowing the analysis of only a limited 
number of selected genes among several thousand cells, thus limiting its 
use but at the same time decreasing the sequencing costs dramatically. 
The method does not include a sealing step after the bead and cell 
capture, increasing the potential risk for cross contamination between 
wells (241). 
Another targeted method called Vertical flow array chips (VFAC), where 
the beads are already trapped inside the wells at the time of cell 
dispersion, was reported recently. This method uses porous materials to 
reduce measurement noise and cross-contamination. The theory of the 
method is valid, however the number of analyzed genes in the paper is 
very low (242). 
 
Another main focus of this paper is a method termed Massive and 
parallel expression profiling using microarrayed single-cell 
sequencing (MASC-seq) (II). This method utilizes the same arrays as 
previously described in section 4.1.2. However, instead of attaching a 
tissue section onto the surface, single cells are placed onto the surface 
(Figure 9). This method is also further described in the present 
investigation. 
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Figure 7. Droplet- and well-based single cell isolation and 
transcriptomics 
The principles for droplet- and well-based approaches are very 
similar. Cells and barcoded beads are trapped into droplets or wells. 
Cells are lysed and mRNA molecules can hybridize to the probes on 
the beads. In the final step, cDNA is generated by the addition of 
reverse transcriptase (RT). The single cell transcriptomes are now 
barcoded and can be collected for amplification and sequencing. 
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Method Throughput Type Detection Sensitivity Cost Fixed 
cells 

Fluidigm C1 MID DROPLET GENOME-
WIDE 

MID-
HIGH 

HIGH NO 

10xGenomics HIGH DROPLET GENOME-
WIDE 

MID HIGH NO 

inDrop HIGH DROPLET GENOME-
WIDE 

MID LOW NO 

Drop-seq HIGH DROPLET GENOME-
WIDE 

MID LOW NO 

Wafergene MID WELL GENOME-
WIDE 

MID HIGH NO 

MARS-Seq MID WELL GENOME-
WIDE 

LOW LOW NO 

Yuan J. et al. 
2016 

MID WELL GENOME-
WIDE 

MID LOW NO 

CytoSeq MID WELL TARGETED MID LOW NO 
MASC-seq MID SOLID 

CAPTURE 
GENOME-
WIDE 

MID LOW YES 

 
Table 2. Overview of single cell isolation and transcriptomics platforms 
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6. Present investigation 
 
This thesis is based on four research papers, of which three have been 
published and the fourth is a manuscript. Briefly, the research projects in 
this thesis have been focused on the development of a novel method for 
transcriptome analysis of both intact tissue sections as well as single cells 
from solution. Our method provides a combination of gene expression 
information and morphological characteristics. 

 

Paper I - A method for genome-wide spatial transcriptomics in whole 
tissue sections 

 
The protocol is initiated by placing thin tissue sections onto a glass slide, 
which contains more than one thousand features of approximately the 
size of 100 µm. Each feature is basically a cluster of approximately 200 
million RNA capture probes, where the probes in each feature have a 
specific spatial barcode sequence. The tissue is imaged in order to 
determine the morphology and the location of each feature. Then the 
tissue is permeabilized and cDNA synthesis is carried out directly on the 
surface. The cDNAs are then released from the surface and sequenced in 
order to obtain the gene expression information, as well as the spatial 
location determined by the spatial barcode sequence (Figure 8). 
In this paper, we show that our method can be used to produce high 
quality data from mouse olfactory bulb as well as breast cancer samples. 
We show that RNA diffusion is minimal above background, and that the 
method can easily be used to identify differentially expressed genes in 
regions that are either defined by morphology or by global gene 
expression patterns, through dimensionality reduction and clustering. 
The main advantage of our method is that no previous knowledge of the 
regions of interest is needed since there is no selection or physical 
collection step. The throughput, in terms of the number or regions that 
can be analyzed simultaneously is also very high.  However, at the 
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moment the method has a moderate resolution as well as empty space in 
between the features (center-to-center distance of approximately 200 
µm). The current protocol also uses poly-T capture probes and fixed 
tissue, leading to the generation of 3’-tag data. Therefore, additional 
information such as mutations and isoforms is limited. 
 

 
 
Figure 8. The spatial transcriptomics approach 
The spatial transcriptomics method is based on solid surface capture of 
mRNA, directly from the tissue. Thin tissue sections are placed on the 
spatial array, stained and imaged. The tissue is permeabilized and cDNA 
synthesis is carried out. The tissue is degraded and barcoded cDNAs are 
released from the surface and collected in tubes for further library 
preparation and sequencing. 
 

Paper II – Single cell transcriptomics by using solid surface RNA 
capture 
 
Single cell analysis is definitely one of the most important and 
interesting advances in transcriptomics. In paper II we describe the 
development of a single cell method based on solid surface capture of 
RNA, using the same arrays as in our spatial transcriptomics 
approach. Instead of placing thin tissue sections onto the glass slide, 
cells are FACS-sorted or dispersed over the surface. An imaging step 
can determine which features contain which cells, as well as reveal 
their morphology (Figure 9). The method has the potential to analyze 
around 6,000 single cells per chip, but in reality not all features will 
contain a single cell, decreasing this number. In this paper we show 
that the diffusion is not a problem when using the method for single 
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cell analysis and that the method produces single cell data with great 
sensitivity. Finally, we also apply the method to investigate tumor 
heterogeneity in single cells from three patients with primary chronic 
lymphocytic leukemia (CLL). The main advantages with our method 
are (i) its capability to be used with fixed cells (ii) imaging and (iii) 
the very low cost per cell. 
 

 
 
Figure 9. Using MASC-seq for single cell transcriptomics 
The MASC-seq approach is similar to the spatial transcriptomics 
approach. Single cells from solution are either smeared, or FACS-sorted 
onto the array. The imaging step makes it possible to determine the 
morphology, as well as to connect each cell to a spatial barcode. 

 
Paper III – Automation of the spatial transcriptomics library 
protocol 
 
As for most sequencing based methods, a quite extensive library 
preparation protocol is required for the spatial transcriptomics approach. 
Manually set-up libraries usually exhibit a significant degree of technical 
variation due to human error. In most cases the throughput, in terms of 
libraries that can be handled in parallel, is also very limited. In this paper 
we describe an automated protocol for the second step of the spatial 
transcriptomics method, which includes cDNA amplification and addition 
of Illumina sequencing adapters. By transferring the protocol to an 
automated robotic workstation, we show that the results are more 
reproducible, the throughput, in terms of samples that can be processed 
simultaneously, is increased, and the hands-on time is dramatically 
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reduced. We show this by both using reference RNA in solution, as well 
as with spatially resolved libraries from six tissue sections from a 
gingival biopsy, taken from a patient with periodontitis. 
 

Paper IV – Tracking tumor heterogeneity through the 3D-volume of 
breast cancer samples 
 
Analysis of gene expression in tumor samples in order to determine 
subtypes, tumor grade and tumor heterogeneity, is traditionally carried 
out by looking at known marker genes and microscopic characters. 
Although possible using these approaches, three-dimensional analysis is 
not routinely used, leading to neglected information due to the 
heterogeneous nature of tumors. Here we present the first approach to 
generate genome-wide expression data in three dimensions from clinical 
samples. We show that the expression of many genes is varied along all 
three axes of a tumor sample, something only possible to determine with 
this type of analysis. We also perform unsupervised clustering of the data 
in order to track and discover pathways with specific spatial activity. 
Furthermore, we carry out intrinsic subtype classification with much 
higher resolution than the level used in todays methods. This data reveals 
that breast cancer samples can exhibit either homogenous, or very 
heterogeneous patterns in terms of subtype identity. In the future, this 
information can give us a better insight in how to predict treatment 
response and to correlate certain tumors with increased or decreased 
survival rates. 
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Figure 10. Genome-wide 3D-transcriptomics 
A tissue sample is cross-sectioned and processed with the spatial 
transcriptomics approach. The stained tissue images are aligned 
computationally and stacked. The transformation matrix, from image 
alignment, is applied to the spatial features in order to align them 
according to the tissue positions. The data is further interpolated across 
the sections. Finally, analysis and visualization such as gene expression 
patterns, clustering, pathway analysis, subtype classification etc. can be 
carried out and visualized in 3D.  
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7. Future perspectives 
 
The last decade’s development of massive high throughput sequencing 
has truly revolutionized the analysis of nucleic acids. For a long time, 
gene expression analysis was limited to low throughput methods were 
previous knowledge about the genes of interest was required, such as in 
situ hybridization, RT-PCR and microarray studies.  
 
Only a few years ago, high-resolution methods such as single cell 
sequencing and multiplex in situ hybridization methods were not 
available, and the researcher had to rely on the averaged expression 
patterns from bulk samples, combining this with spatial information of a 
few known marker genes. Today, these methods are a reality and are 
being used in a large scale in studies ranging from basic biological 
functions to complex diseases. All methods presented in this thesis have 
been used to further answer such questions. We have used the spatial 
transcriptomics method to present biological differences in parts of the 
mouse brain as well as to detect intra- and inter-tumor differences in 
complex parts of breast cancer samples. The MASC-seq approach has 
also been applied to clinical samples, and revealed differences between 
single cells within samples from patients with leukemia.   
 
However, todays methods are not perfect and do suffer from important 
drawbacks. Single cell sequencing for example, suffers from low 
sensitivity and high dropout of genes. This becomes apparent when 
working with samples of lower quality such as those often found in 
clinical studies. In situ methods still have the limitations of multiplexing 
and the need for prior knowledge of which genes to investigate. Due to 
the genome-wide character of our spatial transcriptomics method, several 
of the problems related to the previous knowledge of genes, as well as 
multiplexing are circumvented. However, the resolution, the full 
transcriptome capture, as well as the full-length coverage need to be 
improved or implemented. A spatial genome-wide and combined 
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transcriptomics/genomics approach, with single cell or sub-cellular 
resolution that exhibits excellent sensitivity, remains a holy grail.  
 
Although higher resolution is very important for many biological 
questions, not all projects need it; in those cases bulk data provides 
sufficient information with the advantage of lower sequencing cost. 
However, with a constantly decreasing cost of sequencing, one could 
argue that the cost of spatially resolved and single cell sequencing may 
not be a problem in the future. Nonetheless, one cannot ignore the 
problem of data storage that is arising. At present, we are already 
producing more data than is feasible for long-term storage in a cost-
efficient way. Luckily, scientists seem to always have the ability to come 
up with new solutions; we have probably just scratched the surface of 
what is possible yet. 
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