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Abstract 
It is well known that cells in tissues display a large heterogeneity in gene 

expression due to differences in cell lineage origin and variation in the local 

environment at different sites in the tissue, a heterogeneity that is difficult to 

study by analyzing bulk RNA extracts from tissue. Recently, genome-wide 

transcriptome analysis technologies have enabled the analysis of this variation 

with single-cell resolution. In order to link the heterogeneity observed at 

molecular level with the morphological context of tissues, new methods are 

needed which achieve an additional level of information, such as spatial 

resolution. 

In this thesis I describe the development and application of padlock probes and 

rolling circle amplification (RCA) as molecular tools for spatially-resolved 

transcriptome analysis. Padlock probes allow in situ detection of individual 

mRNA molecules with single nucleotide resolution, visualizing the molecular 

information directly in the cell and tissue context. Detection of clinically 

relevant point mutations in tumor samples is achieved by using padlock probes 

in situ, allowing visualization of intra-tumor heterogeneity. To resolve more 

complex gene expression patterns, we developed in situ sequencing of RCA 

products combining padlock probes and next-generation sequencing methods. 

We demonstrated the use of this new method by, for the first time, sequencing 

short stretches of transcript molecules directly in cells and tissue. By using in 

situ sequencing as read-out for multiplexed padlock probe assays, we measured 

the expression of tens of genes in hundreds of thousands of cells, including point 

mutations, fusions transcripts and gene expression level. 

These molecular tools can complement genome-wide transcriptome analyses 

adding spatial resolution to the molecular information. This level of resolution is 

important for the understanding of many biological processes and potentially 

relevant for the clinical management of cancer patients. 
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Abbreviations 

ACTB actin beta 

AMACR alpha-methylacyl CoA racemase 

AR androgen receptor 

bDNA branched DNA 

cDNA complementary DNA 

CNV copy number variation 

CRC colorectal cancer 

CTC circulating tumor cell 

DNAnb DNA nano-ball 

dsDNA double-stranded DNA 

EGFR epidermal growth factor receptor 

ER estrogen receptor 

ERG ETS-related gene 

FACS fluorescence activated cell sorting 

FFPE formalin-fixed paraffin embedded 

FISH fluorescent in situ hybridization 

FISSEQ Fluorescent In Situ SEQuencing 

H&E hematoxylin and eosin 

HCR hybridization chain reaction 

HER2 human epidermal growth factor receptor 2   

ISH in situ hybridization 

KRAS kirsten rat sarcoma viral oncogene homolog 

LCM laser-capture microdissection 

LNA locked nucleic acid 

LOH loss-of-heterozygosity 

MELAS 
mitochondrial encephalomyopathy, lactic acidosis 

and stroke-like episodes syndrome 

mtDNA mitochondrial DNA 

NGS  next-generation sequencing 

nt nucleotide 

 OLA oligonucleotide ligation assay 

PCa prostate cancer 

PNA peptide nucleic acid 

qPCR quantitative PCR 

RCA rolling circle amplification 

RCP rolling circle product 

RNA-seq RNA sequencing 

RT-PCR reverse-transcription qPCR 

SBH sequencing-by-hybridization 

SBL sequencing-by-ligation 

smFISH single-molecule FISH 

SNP single nucleotide polymorphism 

TMA tissue microarray 

TP53 tumor protein 53 

VIM vimentin 
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Introduction 

The understanding of cellular processes at the molecular level in physiological 

and pathological conditions is necessary for the future development of sensitive 

diagnostics tools and, ultimately, of personalized treatments of diseases. Since 

the first methods were described in 1977, nucleic acids sequencing technologies 

have improved at an extraordinary pace. Thanks to the last generations of 

sequencing methods, collectively called next-generation sequencing (NGS) 

technologies, the full map of the genome and the transcriptome can be obtained 

at an unprecedented speed and resolution. Many years after the introduction of 

these methods, we are now attempting an even more accurate description of 

complex biological processes that takes into account the dynamic expression of 

the cellular genome through space and time. This next step will require a further 

level of resolution. 

My doctoral work focused on the development of the first method for 

sequencing nucleic acids directly in cells and tissues. The peculiarity of in situ 

sequencing is that it allows the direct observation and measurement of the 

fundamental unit of the human transcriptome, a single nucleotide, at the 

resolution of single molecules in individual cells. This new molecular method 

has the potential to become a fundamental tool for tissue analysis providing 

spatial context to the molecular information. 

In this thesis, I will briefly describe the known biological causes and 

consequences of the heterogeneity observed in human tissues and the most 

common methods to study this heterogeneity at the transcriptome level. These 

different methods have different magnitude of analysis and I will review their 

performance in terms of throughput, cellular and molecular resolution and 

spatial information. I will then describe in situ sequencing, and how it differs 

from the described methods and how it can complement other molecular 

methods for the analysis of tissues. Finally, I will highlight some of the 

applications that could benefit from the use of the molecular tools described in 

this work, both in basic research and in molecular diagnostics. 
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Cellular heterogeneity: Origins 

and implications 

The instructions necessary to build human cells and to execute their 

physiological functions are enclosed in their genome, 23 pairs of 

deoxyribonucleic acid (DNA) called chromosomes. These instructions are used 

to synthetize hundreds of thousands of ribonucleic acid (RNA) molecules of 

different size and functions which overall, constitute the cellular transcriptome. 

Some of these RNA molecules are translated into proteins, the building blocks 

of the cell and of the human body. A “mistake” along this flow of information 

can affect the structure or the function of the cell, sometimes with dramatic 

effects for the whole organism. A collection of cells forms a tissue, which, in 

turn, is organized in organs that execute and coordinate the physiological 

functions. Cells can be grouped in different “types” according to their 

phenotype. The definition of cell type is much in debate
1
, however it implies that 

large variation exists among cells of different tissues and within the same tissue. 

In fact, despite sharing the same genome, cells of the human body appear to be 

phenotypically extremely heterogeneous. So, how does this diversity arise?   

Two sources of variation mainly contribute to generate such cell diversity: 

genetic and non-genetic
2
. An evident manifestation of cellular heterogeneity 

arising from genotypic variation among a cell population is in diseased tissues
3–

5
, particularly in tumor tissues in which genetic heterogeneity is promoted by the 

high genome instability of cancer cells
6–8

. However, new compelling evidence 

indicates that genotypic variation is a widespread event among normal tissues
9–

13
. Non-genetic heterogeneity is the result of a differential expression of the 

genome among a clonal population of cells, due to, for example, epigenetic 

regulation
14–16

, the cell cycle
17,18

 and the stochastic nature of gene expression
19–

21
. This wealth of diversity is reached through a complex scenario of interactions 

between genome, transcriptome, proteome, metabolome and the environment 

surrounding the cells
22

 and results in a differential expression of the cellular 

genome in space and time
23,24

.  

Technologies with the necessary resolution to analyze heterogeneity in gene 

expression are fundamental tools to understand biological processes such as 

development
25

, cell fate and differentiation
26

, immunity
27

 and the maintenance 

and differentiation of stem cells
28

. Transcriptome heterogeneity is of particular 

interest in tumor biology. Genotypic and phenotypic variation between tumors 

(intertumor heterogeneity) and within the same tumor (intratumor heterogeneity) 

is observed across all types of cancer
29,30

. The capacity of tumor cells to 

differentiate and proliferate through clonal expansion is what currently limits 

cancer treatment
31–34

. Investigating tumor heterogeneity in greater detail is 
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shedding light on the molecular mechanisms underlying tumor genesis, 

progression and metastasis
35,36

. This holds great potential for the identification 

of novel therapeutic targets and of biomarkers for improved cancer 

diagnostics
37–40

.  

The accurate description of tissue heterogeneity is not a trivial task. It requires 

the adaption and tweaking of molecular technologies originally developed for 

bulk analysis to achieve higher resolution as well as the introduction of new 

methods. Some of these methods and their recent use for spatial transcriptomics 

analysis will be discussed in the following chapters. 
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Classic methods for the analysis 

of gene expression 
 

Resolution, multiplexibility and throughput of 
transcriptome analysis 

The ability to accurately describe and “measure” heterogeneity is first of all a 

technological challenge. For instance, when comparing different tissues an 

average obtained by a bulk measurement may represent the difference between 

samples but it will fail to detect differences within the same tissue
41

. Also, 

differences within the same tissue may be localized, constituting regional 

variations or be distributed randomly across the tissue. Regional distributions 

may reflect important characteristics of the tissue
42

, but not all the methods can 

characterize such spatial information (Figure 1). 

 

 

Figure 1. Analysis of tissue heterogeneity. The four samples exemplify four tissue sections composed 

of three distinct cell types, represented by different colors, in different proportions. An average 

measurement can distinguish sample 1 from the others, but samples 2, 3 and 4 will give the same 

result in a bulk analysis although they differ in the tissue organization. To detect and identify this 

regional variation, highlighted by the dashed lines, the method must yield spatial resolution.  

Nowadays, there are many methods used for transcriptome analysis, all based on 

nucleic acid hybridization and enzymatic reactions (i.e. polymerization or 

ligation) or most often a combination of the two. There is great difference in the 

depth and type of information that each method can provide. Beside their 

technical performances (such as analytical sensitivity, specificity, limit of 

detection or dynamic range as defined in Jenning et al.
43

), there are other 

parameters that become of critical importance when analyzing tissue samples. 

These parameters are described below. 
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The analytical resolution defines the smallest unit that can be discriminated by 

a specific method and can be used in relation to the sample or to the molecular 

target. Cellular resolution refers to the sample and therefore subcellular 

compartments are the smallest units. Molecular resolution refers to the 

molecular target where the smallest unit is a single nucleotide of an individual 

RNA molecule. Maximum resolution is achieved by methods that are able to 

discriminate single nucleotides with subcellular localization. Some methods are 

suitable for detection of transcript abundance from tissue lysates and therefore 

the cellular resolution is minimal. Of note, resolution, as intended here, is 

distinct from the limit of detection (LOD) which is the lowest amount of analyte 

that is statistically distinguishable from background or a negative control
43

. 

Of consideration is the throughput of the assay, here referred to as the capacity 

of a system to analyze a large number of samples, or rather the rate of samples 

processed. Translated to tissue transcriptome analysis, throughput can refer to 

the number of cells that are effectively analyzed from a single sample. Small 

organs or samples of tissue removed from organs are sliced in thin tissue 

sections, containing 10
4
-10

6
 cells or more. Even though several techniques exist 

to extract single cells from tissue samples
18,44–49 

and to analyze the RNA content 

from single cells
50

, capture and analysis of many cells from a single section can 

be technically challenging (especially if manual manipulation is required), 

limited by the cost of the downstream molecular tests, or it can be achieved at 

the loss of information (e.g. the localization in the case of bulk analysis, as 

described below).  

Multiplexibility refers to the amplitude of transcriptome that can be targeted by 

a method. Some methods are limited to the analysis of a few transcripts at a 

time. For example, fluorescence-based in situ methods are limited by the 

resolvable fluorescent spectra. In general, sequencing, meant as an iterative 

process of measurement, is a successful way to increase the multiplexibility of 

RNA analysis to include the whole transcriptome. 

Gene expression is a dynamic process in the cell, subjected to variations in the 

four dimensions (three spatial and one temporal) across the tissues. The ability 

of a method to capture spatial and temporal resolution is crucial to dissect 

tissue heterogeneity. Spatial resolution differs from cellular resolution because it 

does not refer to the section of tissue from which information is derived, but 

rather to the ability to relate many sections to each other (Figure 1). For 

instance, single cell resolution can be achieved but information of which cells 

are connected to each other or grouped in the same region may not be known. In 

situ techniques intrinsically have spatial resolution and its depth, down to 

subcellular compartments, is dictated by the size and density of the signal 

generated. In vitro assays maintain spatial resolution by extracting single cells 
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from tissue sections and recording (typically by imaging) the position of the 

cells in the section before extraction. The throughput of these methods, however, 

is typically low unless enzymatic dissociation is used, in which case spatial 

resolution is lost. Time-resolved measurements are perhaps the most difficult to 

achieve in tissue analysis. Time-resolved methods usually rely upon insertion of 

genetically-engineered vectors for expression of fluorescence-tagged molecules 

that can be detected by high-resolution imaging. Because these assays require 

living samples, they are typical used for analysis of cell cultures
51,52

. 

Alternatively, RNA measurements can be performed at different time-points, 

although this implies the analysis of different samples
53

. 

The ideal assay should be able to analyze the whole transcriptome with single 

nucleotide resolution of every cell composing a tissue and at the same time 

preserve the spatial information and relationship of all the cells analyzed. At 

present, such an idealized assay does not exist and therefore a combination of 

methods is necessary to explore biological questions. The most common 

methods to study gene expression are described below and are for simplicity 

grouped into two types: in vitro methods, where nucleic acids are extracted from 

the cells and the analysis is performed typically in a test tube or a fluidic system; 

or in situ methods, where the analysis is performed directly on preserved cells 

and tissue samples. 

In vitro methods 

The gold standard for RNA analysis is reverse-transcription qPCR (RT-PCR), a 

technique based on kinetic PCR, better known as quantitative PCR (qPCR) or 

real-time PCR (the nomenclature used in this thesis follow the MIQE guidelines 

proposed by Bustin et al.
54

). qPCR is an adaption of the polymerase chain 

reaction (PCR)
55

, in which the accumulation of double-stranded DNA (dsDNA) 

is monitored in real time during the course of the reaction
56

. Fluorescent 

reporters are used to intercalate or hybridize to the newly formed DNA products 

and thus the increase in fluorescent intensity over time relates to the amount of 

starting target material in the sample
57

. In RT-PCR, RNA molecules are first 

converted to cDNA by reverse transcription and subsequently amplified and 

measured by qPCR
58,59

. The main advantages of this method are the high 

specificity and analytical sensitivity down to a single molecule of target RNA
59

, 

which makes it a suitable method to work with minimum amounts of starting 

material, like a single cell
58

. RT-PCR is also characterized by a large dynamic 

range spanning several orders of magnitude. Relative quantification can be 

performed comparing RNA extracted from different samples while absolute 

quantification can be achieved with the use of internal controls to generate a 

standard curve
60

. Because based on fluorescent read-out and given the technical 

limitations in multiplex PCR, RT-PCR has been limited to the analysis of few 
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targets at a time. However, recent micro- and nanofluidic systems for high 

throughput qPCR analysis allow measurement of 100s of transcripts in 100s or 

1000s of single cells
47,61

. Furthermore, the development of digital PCR and the 

implementation of real-time PCR measurement in picoliter droplets have the 

potential to increase precision, sensitivity and reproducibility of this method 

even further
62,63

. Despite the technical feasibility of performing RT-PCR on 

single cells and the availability of high throughput systems able to analyze 

hundreds of cells at a time, it is not possible to identify the original position of 

the individual cells on the tissue of origin. Therefore, spatial resolution is what 

limits this assay when studying tissue heterogeneity. However, subpopulations 

of cells from the same tissue can be reconstructed based on statistical clustering 

algorithms that associate cells with similar expression patterns
64

.   

Before the development of high throughput gene expression analysis platforms, 

global transcriptome analysis from tissue extracts was enabled by the microarray 

technology. The first microarray technology was developed already in 1995 by 

depositing cDNA libraries on 96-well microtiter plates followed by 

hybridization of fluorescent-labelled specific reverse-transcribed mRNA from 

Arabidopsis thaliana
65

. The underlying mechanism has not substantially 

changed since then, still relying on immobilization of template oligonucleotides 

on a solid support and hybridization of target RNA or DNA molecules combined 

with fluorescent read-out. Instead, sample preparation protocols have greatly 

improved making this technology suitable for single cell analysis
66–68

. Also, 

array-based methods have expanded to the analysis of single nucleotide 

polymorphisms (SNPs) and copy number variations (CNVs)
69,70

. Compared to 

RT-PCR thus, microarray technologies are highly multiplex assays able to 

achieve single nucleotide and single cell resolution, although generally lacking 

spatial information. Less sensitive and not as accurate in absolute quantification 

of low abundant transcripts as qPCR-based assays, the main technical drawback 

is represented by low specificity of probe hybridization (background level of 

hybridization and cross-reactivity), which limits the dynamic range
71

. Also, 

array design requires prior knowledge of the target regions, making the 

identification of splice variants or de novo transcriptome analysis 

challenging
72,73

. These limitations have been partially solved by high throughput 

RNA sequencing technologies, which are now becoming the method of choice 

for transcriptome analysis even though microarrays are still a cheaper and 

reliable alternative in many applications
73

.  

The foundations for high throughput sequencing of DNA were laid already at 

the end of the ’80s, and comprised carrying out sequencing outside gel capillary 

systems and picturing DNA not as a string of nucleotides but as a sequence of 

overlapping oligomers
74,75

. The first method that followed this logic was the 

sequencing-by-hybridization (SBH) method, described in 1993
76

. It took about a 

decade, however, before the first commercial systems for high throughput 
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analysis of DNA were launched. NGS technologies differ substantially in the 

sequencing chemistry used and in technical performances. They are 

comprehensively reviewed in Metzker, 2010
77

. NGS technologies can be used to 

sequence the transcriptome or parts of it, a method called RNA sequencing 

(RNA-seq)
78,79

. Except for the most recent sequencers, which are able to directly 

read single transcripts, the RNA is extracted from the sample, cDNA is 

synthetized using random primers or oligo(dT) primers (to capture only the pool 

of poly(A) transcripts), fragmented and ligated to special adaptors before being 

sequenced in one of the NGS platforms
80

. Sequencing RNA molecules offers 

several advantages over array-based methods. First of all, it is an untargeted 

approach meaning that prior knowledge of the sequencing targets is not 

necessary. Second, despite the general concordance between RNA-seq and 

microarray experiments for transcriptome profiling, the former is superior in 

sensitivity and has a broader dynamic range because it is less sensitive to 

background fluorescence
73,81

. Third, it intrinsically has single nucleotide 

resolution and in most recent technologies even single molecule resolution can 

be achieved
82,83

. Therefore, most of the sequence variation at RNA level can be 

detected by this method. Protocols for sample preparation and cDNA synthesis 

have been adapted to work with just a few picograms of starting material, the 

mRNA content of a single cell
50,84 

or even a fraction of it
85

. Recent technical 

improvements have enabled robust sequencing of full-length mRNA 

molecules
86–88

, the use of molecular barcodes to simultaneously sequence many 

individual cells maintaining cellular resolution
89,90

, and molecular tagging for 

precise RNA quantification and tracking of transcription polarity
91–93

.  

One of the most widely used methods to isolate single cells after enzymatic 

digestion of tissues, is fluorescence activated cell sorting (FACS). Described in 

1969 for the first time
94

, it is now a fundamental tool for single cell analysis. 

FACS instruments are multiparametric flow cytometers equipped with lasers for 

detection of fluorescent markers on the cells. Cells contained in droplets are 

individually read by the lasers, classified and counted based on fluorescence 

intensity and morphological parameters and sorted based on a defined gating 

strategy in plates or tubes. Although mostly used for expression analysis of 

surface markers labelled with fluorescent-antibodies, RNA analysis by FACS 

and flow cytometry has also been demonstrated
95,96

. The great advantages of 

FACS analysis are the high flow rate, which allows counting of thousands of 

cells per second, and the simplicity of the protocols. On the other hand the 

fluorescent-based read-out limits the multiplexibility of the method to few 

markers per cell (up to 12 in some cases) and the sensitivity is quite low 

compared to other techniques described. 
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In situ methods 

Spatial resolution is an intrinsic property of in situ techniques because the 

molecular reactions are performed directly on the tissue section and the spatial 

information is readily visible. The first molecular staining was published in 1969 

by Gall and Pardue
97

 who for the first time performed in situ hybridization (ISH) 

of nucleic acids using radiolabelled probes. Since then, radioactive read-out has 

been replaced with fluorescent or chromogenic substrates and a variety of 

different molecular techniques have been developed to allow detection, 

visualization and counting of RNA in situ. Current in situ methods generally 

share three steps: fixation of the nucleic acids and permeabilization of the 

sample; detection of the target RNA and signal amplification to achieve the 

highest signal-to-noise ratio; and imaging and analysis of the stained sample. 

Based on the modality of target recognition, the methods can be divided into two 

main approaches: hybridization-based and amplification-based systems. 

Fluorescent in situ hybridization (FISH) is the fluorescence version of the more 

general ISH technique and is certainly the most well known and established of 

all the in situ assays. The first version of this technique, described in 1980
98

 

made use of 3’-end fluorescently-labelled RNA probes to detect specific DNA 

sequences in cells. mRNA detection came soon after by combining the use of 

biotinylated oligonucleotides and fluorescent-antibodies for detection
99

. The first 

version of FISH has limited molecular resolution allowing relative 

quantification but not absolute counting. Also, because of high fluorescent 

background, the method can detect only highly abundant transcripts and 

multiplexibility is limited by the number of resolvable fluorophores, typically 3 

or 4. These limitations, except for the latter, have been solved by the second 

generation of FISH probes, collectively called single-molecule FISH (smFISH). 

The original kb-long probes are replaced by multi-labelled 50 bp-long probes 

that hybridize along the target sequence, generating a diffraction-limited spot 

allowing single molecule quantification in situ
100

 (Figure 2). Other 

improvements in probe design and the use of low-noise charge-coupled devices 

(CCD) cameras contribute to the high resolution of smFISH. Detection of five 

genes at a time has been demonstrated by this technique in mammalian cells and 

applied to whole tissue sections
101,102

. However, the variation in fluorescence 

intensity among detected transcripts affects the sensitivity of the method. To 

solve this issue, a second more recent design comprises the use of approximately 

50 single-labelled probes each only 20 nucleotide-long
103

. The key advantages 

of this more optimized protocol are the high sensitivity and improved specificity 

which allows robust detection and quantification of transcripts, including 

products of gene fusions, in a variety of tissue samples
104–106

. Because of the 

micrometer or even sub-micrometer size of the signals, smFISH inherently 

reaches single molecule detection at cellular or subcellular resolution. Single 
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nucleotide resolution has been technically demonstrated, but application to 

detection of clinically relevant mutations or analysis of tissues is currently not 

feasible with these methods
107,108

. Also the issue of the low multiplexibility has 

been addressed by employing sequential hybridization or coupling combinatorial 

fluorescent labelling with high resolution imaging techniques
109–111

. High 

multiplexibility can be achieved, but practical limitations and questions on the 

scalability when using such methods for tissue analysis still remain.    

The introduction of probes containing modified nucleotides confers higher 

efficiency and specificity to hybridization-based assays, enabling detection of 

short RNA targets. Two technologies, locked nucleic acids (LNA) and peptide 

nucleic acids (PNA), are now broadly used, particularly for detection of miRNA 

or in combination with other classic methods
112–114

.  

Amplification of the starting target material is a common strategy in nearly all 

molecular methods and for in situ analysis as well. Exponential amplification in 

situ of DNA and cDNA have been demonstrated previously
115,116

. However, this 

approach resulted in lower specificity and diffusion of the amplified target
117,118

. 

An alternative approach is to amplify the signal after hybridization of the target 

RNA molecule. The general idea behind it is to increase the local density of 

fluorophores or reporter molecules to increase signal-to-noise ratio and 

consequently the sensitivity of the read-out. Branched DNA (bDNA) technology 

is one way to obtain signal amplification of hybridization-based methods in 

which a number of self-complementary probes build a DNA “tree” upon 

recognition of the target molecule, making available hundreds of target 

sequences for reporter probes, the “branches”. Sensitivity of detection is greatly 

enhanced and even specificity is increased by the requirement of more than one 

hybridization event to occur
119–121

. Multiplex read-out using bDNA has been 

proposed but not yet shown. Another amplification method based on 

hybridization is hybridization chain reaction (HCR) in which an initiator probe 

hybridizes to the RNA target and triggers self-assembly of florescent RNA 

hairpin reporters
122

. With this method five transcripts can be visualized 

simultaneously as demonstrated in zebrafish embryos, but HCR requires long 

incubation times and does not achieve single molecule resolution. 

A well exploited strategy for signal amplification, both in situ and in vitro, is 

DNA linear amplification via rolling circle amplification (RCA) by ϕ29 DNA 

polymerase
123

. RCA consists of an isothermal amplification of a circular single-

stranded DNA molecule: when a primer with an available 3’-end hybridizes to 

the circle, ϕ29 DNA polymerase can extend the primer making a long strand of 

complementary DNA. A 100 nt-long circle is replicated several hundred times 

per hour thanks to the high processivity of this polymerase (1x10
3
 nt/min)

124
. 

Some of the characteristics of this mechanism make RCA an exquisite signal 



19 

 

amplification system, especially for in situ applications. First of all, the speed 

and ease of the reaction, which does not depend upon temperature cycling. 

Second, RCA is a localized amplification that produces a tether of DNA, which 

spontaneously collapses into a micrometer-sized bundle of DNA (a rolling circle 

product, RCP). If hybridized by fluorescent-labelled probes, a single RCP 

appears as an intense spot-like signal easy to identify over the fluorescence 

background of the tissue with a conventional epi-fluorescent microscope. 

Finally, the RCA reaction generates a clonally-amplified substrate suitable for 

sequencing by NGS technologies
125

. 

RCA is exploited by another in situ RNA analysis technology, the padlock 

probe, on which all the work presented in this thesis is based. Described for the 

first time by Nilsson et al. in 1994
126

 as a variant of the oligonucleotide ligation 

assay (OLA)
127

, a padlock probe is a single oligonucleotide whose end-

sequences are joined together by a DNA ligase upon hybridization on a 

complementary target, resulting in a closed single-stranded DNA circle. 

Important features of this mechanism are: i) the specificity given by the high 

fidelity of DNA ligases in discriminating mismatches at the ligation site
126,128 

and, because of this, ii) the method achieves single nucleotide resolution; iii) 

tolerance to washes because after ligation the padlock probe is topologically 

locked to the target
126

; and iv) the single molecule resolution, achieved by using 

RCA to amplify and detect ligated padlock probes
129

. Because of these 

characteristics, padlock probes can be used for genotyping of mitochondrial 

DNA (mtDNA) and single mRNA molecules in human cells and tissues
130,131

. 

For mRNA detection, cDNA is first synthesized by in situ reverse-transcription 

of specific transcripts and then made single stranded by RNaseH treatment. A 

padlock probe hybridizes to the cDNA target and is circularized by a DNA 

ligase leaving a 3’-end overhang on the cDNA strand that is digested by ϕ29 

DNA polymerase before priming RCA of the padlock probe (a mechanism 

termed target-primed RCA)
130

. The RCP is stained by hybridization of hundreds 

of fluorescently-labelled oligonucleotides which generates a bright dot clearly 

detectable under a fluorescent microscope. Mismatched padlock probes cannot 

be circularized and amplified via RCA and therefore no signal is generated
131

. 

The method is able to detect and quantify 30% of actin beta (ACTB) transcripts 

in single cells although sensitivity is lower in tissue sections or when multiple 

padlock probes are combined
131

 in which case FISH, in comparison, proves to 

be superior. Another disadvantage is the overall complexity due to the many 

enzymatic steps involved and incubations at different temperatures which makes 

it difficult to implement the protocol in the existing automated slide stainers. 

Originally limited to four distinguishable probes per assay, multiplexibility has 

been increased by sequencing RCPs in situ
132

. 
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Figure 2. Single-molecule in situ techniques. In smFISH (I) multi-labelled probes (in gray and red) 

hybridize to the target mRNA molecule (in black) generating a diffraction-limited spot visible under a 

fluorescence microscope. In a newer version of the method, smFISH (II) multi-labelled reporter probes 

are replaced by shorter single-labelled oligonucleotides. In the bDNA technique, oligonucleotides are 

added to target a specific RNA region and to build a DNA “tree” (in blue) to which reporter probes 

can hybridize. In the padlock probe assay, a series of enzymatic reactions are carried out to synthesize 

cDNA from a specific mRNA. Padlock probes (in green) are hybridized and ligated and the circular 

padlock probe is amplified by RCA. Fluorescent probes hybridize to the RCA product generating a 

diffraction-limited spot. The images of the cell nuclei and fluorescent signals are taken, in order, from 

ref. 102, 103, 121 and 131. 
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Spatially-resolved transcriptome 

analysis 

The most comprehensive description of gene expression heterogeneity in a 

tissue sample requires the use of spatially-resolved transcriptomics methods in 

which transcriptome analysis is complemented by spatial information. In other 

words, gene expression analysis is pushed to include all four parameters 

discussed in the previous chapter: analytical resolution, throughput, 

multiplexibility and spatial resolution. At present, there is no single method 

capable of acquiring the full depth of information in all parameters. Instead, 

current approaches combine techniques in order to maximize the amount of 

molecular information retrieved from whole tissues and organs (Figure 3).  

 

 

Figure 3. Comparison of throughput and multiplexibility of the methods used for tissue transcriptome 

analysis. The ideal method, in black, maximizes performances for both parameters, maintaining spatial 

resolution. In situ-based techniques, in green, generally have a lower multiplexibility but can 

simultaneously investigate a large number of cells or the entire tissue sample. Array- and sequencing-

based methods (respectively in blue and yellow) are limited in throughput but can analyze the whole 

transcriptome. High-throughput RT-PCR, in red, is in between. The numbers in brackets indicate the 

reference number to which each dot refers. The symbol on the in vitro methods indicates how the 

single cells have been extracted. Explicitly, whether or not the method maintains spatial resolution as 

described in the text. & = enzymatic dissociation; # = laser-capture microdissection; ¤ = mechanical 

homogenization; £ = performed on cell line. 
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Spatially-resolved transcriptome analysis is not a new approach. A number of 

large projects are on-going with the aim of fine molecular mapping of whole 

organs with particular focus on the brain
133

. This molecular characterization has 

been long done by a combination of systematic sampling, called voxelation, and 

gene expression analysis methods of lower cellular resolution than the most 

recent technologies can offer
134–140

. However, transcriptome-wide, single cell 

and single nucleotide resolution will be required to investigate other 

mechanisms like allele specific expression or RNA editing. With the constant 

improvement of the protocols for sample preparation, it is plausible to envisage 

that RNA-seq will be the method of choice for this type of analysis.  

Spatial localization of single cell transcriptomes back in the organ of origin is 

one of the few technical limitations left for tissue analysis by RNA-seq. RNA 

tomography (Tomo-seq) partially circumvents this limitation by cryosectioning 

18 µm thick sections of a whole zebrafish embryo and subjecting each one to 

RNA-seq
141

. Gene expression patterns are reconstructed along the three main 

body axes but the method does not achieve cellular resolution. The improvement 

of methods to isolate single cells from tissue sections could solve this problem: 

hundreds to thousands of single cells can be isolated from normal tissues and 

cell hierarchies can be reconstructed by different means of cluster analysis of the 

transcriptome obtained from each cell by single-cell RNA-seq
90,142,143

. In a very 

recent work lead by Sten Linnarsson, high resolution topographical mapping of 

genome-wide gene expression has been demonstrated for the first time. By using 

laser-capture microdissection (LCM), a small area of a mouse brain section was 

dissected in small “voxels”, 50x50x50 µm
3
 in size, and subjected to RNA-seq

144
. 

By this method, near single cellular resolution is obtained preserving spatial 

information, but only a small region of the tissue was sampled. Extending this 

method to the whole tissue, in tens of consecutive sections, is practically very 

difficult and not cost-effective with the current technology. Once the sequencing 

costs will decrease further, high resolution whole-transcriptome tissue analysis 

will be limited only by the number of available reads per sequencing run. Future 

sequencing technologies based on single molecule sequencing through 

nanopores may be a solution to this issue
145,146

. A new approach has been 

proposed by Lundeberg and colleagues, in which a tissue section is deposited 

onto a chip array containing high-density oligo(dT). The oligonucleotides are 

organized in squares of about the size of a single cell and barcoded in order to 

distinguish each individual square. After imaging the tissue, the cells are 

permeabilized and the poly(A) fraction of the transcriptome is captured by the 

barcoded oligonucleotides. After sequencing the captured transcripts, the spatial 

location on the chip can be inferred by the barcodes and, because of limited 

diffusion between cells, assigned to a specific cell of the tissue. This approach, 

not yet published, has the potential to achieve genome-wide information 

maintaining spatial and cellular resolution.    
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In situ sequencing 

An alternative to the extraction of single cells from tissues is sequencing of 

transcripts directly on tissue sections
132,147

. The padlock probe assay is able to 

sequence the minimum unit of a transcript, a single nucleotide. Expanding the 

method to “read” a stretch of nucleotides requires two additional steps: first, a 

longer target sequence needs to be clonally amplified via RCA and, second, a 

sequencing chemistry able to sequence such material in situ. Solutions for both 

of these steps already existed. The gap-fill reaction has been described several 

times in literature as a method to capture and circularize DNA in solution-phase 

assays
129,148,149

. The same approach is used in situ although it shows lower 

efficiency when performed directly in tissues. Sequencing of RCPs (also called 

DNA nano-balls, DNAnb) by sequencing-by-ligation (SBL) chemistry has been 

described by Drmanac et al. and is the sequencing technology used by the 

private company Complete Genomics
125

. DNA nanoballs technology is used to 

sequence the entire human genome and comprises fragmentation and capture of 

genomic DNA, clonal amplification via RCA and spotting of the RCPs on a 

solid surface where the subsequent sequencing reactions and imaging are carried 

out. In situ sequencing makes use of the same principles except for the fact that 

the surface on which the RCPs are bound is a cell instead of an array (Figure 4). 

The same unchain SBL chemistry can be used to sequence RCPs generated in 

situ, with a minimal read length of six bases. However, there are three key 

differences between the two sequencing methods: first, the size of the 

sequencing substrate is <300 nm for DNAnb and about 1 µm for RCPs meaning 

that, when imaging, more pixels are occupied by a single RCP; second, 

Complete Genomics makes use of a proprietary technology (self-assembling 

DNB Arrays) to prepare patterned arrays, spotting ultra-high density of single 

DNAnb with 90% efficiency. Instead, because of the nature of the target, in situ 

sequencing generates a sort of random arrays, which in fact limits the density of 

the RCPs per area. For comparison, Complete Genomics’ first array reaches a 

density of about 530.000 DNAnb/mm
2
 (1 billion DNAnb in 25x75 mm area) 

while in situ sequencing estimates maximum 270.000 RCPs/mm
2
. The third 

difference is the higher error rate of in situ sequencing (1.0% compared to 

0.001% for Complete Genomics)
125,132

. The read length of in situ sequencing, six 

bases, is too short to discriminate among the whole set of genes but it offers the 

possibility to read 4096 (4
6
) barcodes. Gene-specific padlock probes can be 

tagged with a molecular barcode increasing multiplexibility of the assay. 

However, this is a targeted approach and given the current size of RCPs and the 

imaging system used, only a density of about 100 RCPs per cell can be 

achieved. 

Some of these limitations have been addressed by a method described by George 

Church and colleagues called Fluorescent In Situ SEQuencing (FISSEQ)
147

. In 
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this approach, RCPs are generated in the cells after self-circularization of 

randomly synthesized cDNA molecules. Sequencing is generated in an 

untargeted fashion and sequenced by Sequencing by Oligonucleotide Ligation 

and Detection (SOLiD) chemistry
150

 achieving 27 bases read length. This allows 

mapping of most of the sequenced RCPs to a single transcript. The use of 

confocal imaging and partition sequencing consents to obtain 4x higher read 

density (about 400 RCPs/cell) although more than 50% mapping to rRNA. 

 

 

 

Figure 4. In situ sequencing. a) In situ synthesis of cDNA is carried out using random or specific 

primers followed by RNaseH treatment of the original mRNA molecule (b). Two different strategies 

can be used. c) For sequencing of native mRNA molecules, a padlock gap probe is hybridized to the 

cDNA and the gap region, in red, is filled by DNA polymerization. d) Alternatively, a multiplexed 

padlock probe assay can be used instead, utilizing a classic padlock probe with a gene-specific 

molecular barcode, in red, in the backbone. e) In situ RCA of the circularized padlock probes 

generates a RCA product containing the clonally-amplified target region or the molecular barcode 

which is subjected to several cycles of sequencing-by-ligation with an imaging step at every cycle (f) 

and the images are analyzed for base-calling at every cycle (g). Five RCPs are represented in the 

enlargements in (f) and the corresponding base-calling is showed in (g). Reprinted from ref. 132. 
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Application of in situ sequencing 

in tumor biology 
 
Next generation sequencing technologies have been widely applied in tumor 

biology for molecular characterization of many cancer tissues. At least two 

observations seem to be widespread in nearly all cancer types. The first is the 

presence of a large spectrum of different somatic mutations including single 

nucleotide variations as well as structural variations
151–154

. The second is that the 

landscape of mutations differs among patients affected by the same tumor 

(intertumor heterogeneity) and even within the same tumor tissue (intratumor 

heterogeneity)
34,153,155

. This heterogeneity is not confined to mutations but is also 

observed at the level of expression of wild-type genes
156

, a result of cellular 

pathways being altered by the presence of mutations and conferring the 

neoplastic phenotype to the tumor cells
157

. These two observations have 

extremely important implications for the study, diagnosis and treatment of 

cancers. 

Because cancer is a disease characterized by a high degree of heterogeneity in 

which the spatial context and the distribution of this heterogeneity constitute 

important information, in situ sequencing is a novel tool that can aid researchers 

and clinicians in the molecular analysis of tumor samples and its application in 

research and diagnostics will be discussed below. 

In situ sequencing for research 

Recent literature depicts tumor growth like a tree where a number of mutations 

constitute a main dynamic population of neoplastic cells, the trunk, from which 

a number of sub-populations branches out as they acquire new 

mutations
153,158,159

. This explains the origin of the observed heterogeneity and 

may explain the failure of current pharmacological treatments. Multiregional 

sampling and sequencing of different tumor areas is a successful approach to 

study this occurrence
6,160,161

. On a sample of similar size, the regional 

distribution of selected biomarkers of interest can be visualized and quantified in 

situ by the multiplex padlock probe assay with cellular resolution and with no 

need for sub-sampling to enrich for tumor content, which carries the risk of 

introducing biases by random selection of mutant clones (Figure 5). Beside the 

neoplastic cells, the role of tumor microenvironment and of the stromal tissue 

surrounding the tumor is increasingly a subject of research because of their 

potential contribution to the tumor development
162

. Different tissue components 

(cancer associated fibroblasts, immune cells, the vasculature and others) can be 

visualized in situ by detection of tissue-specific transcripts together with the 
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molecular composition of local tumor clones.  Specific interactions could be 

found by analyzing a large collection of samples which is technically feasible by 

in situ sequencing. Another fascinating application is the ability to obtain 

specific molecular expression or mutational profiles from circulating tumor cells 

(CTCs), cell-free circulating DNA or clones from metastatic tumor sites and 

trace them back to the primary tumor site to identify potential markers 

conferring resistance to therapy or aggressive phenotype to the cancer
163–165

. 

These expression profiles may be confined to a small fraction of tumor cells 

present in the primary site and may be missed by bulk RNA sequencing. In situ 

sequencing data may instead be able to resolve and identify specific patterns 

even if these are localized in one or more regions of the tissue sample.  

In all these potential applications, padlock probe technology and in situ 

sequencing are used to detect or profile known markers, identified before by 

other methods. In a reverse approach instead, in situ sequencing can be used to 

define sub-clonal populations of cells that, on consecutive tissue material, can be 

selected by e.g. laser capture microdissection for molecular characterization at 

deeper resolution. 
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Figure 5. Spatially-resolved gene expression analysis by in situ sequencing. Morphological staining of 

a tissue sample is combined with molecular staining obtained with multiple gene-specific padlock 

probes. Single or multiple markers can be used to define specific tissue regions, e.g. tumor and stroma 

compartments. In addition, gene expression patterns of specific regions can be acquired and linked to 

the morphology of the tissue.   
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Padlock probe assay in the clinic 

Molecular biology is increasingly entering the clinical laboratory and molecular 

pathology is setting the stage for the future of personalized clinical management 

of cancer patients
166

. The more molecular markers will be validated and enter 

the clinic, the more there will be a need for methods that are able to analyze 

samples at the desired level of resolution, including spatial resolution. These 

methods should meet the technical standards for diagnostics and have the least 

possible impact on the existing laboratories in terms of infrastructure and 

management.  

Bright-field microscopy still plays a central role in the diagnostic routine. 

Visualizing the mutational status of the sample, as an extra level of information, 

is convenient and presents several advantages over other methods. Padlock 

probe technology achieves single nucleotide resolution and is the only in situ 

technique able to robustly and specifically detect point mutations. Also, it can 

quantify gene expression and over-expression of tumor markers
167

 providing 

spatially-resolved molecular profiles directly overlaid to the tumor tissue 

histology (Figure 5). Importantly, padlock probes can be applied to the most 

commonly used tissue sample preparations like formalin-fixed paraffin 

embedded (FFPE) or fresh-frozen tissue sections, tissue microarrays (TMAs) 

and tumor touch imprints
168

. Finally, the assay has a relatively short turnaround 

time and, for mutation detection, requires relatively simple data interpretation. 

Other in vitro assays have, in principle, similar characteristics. So, what is the 

potential advantage of using an in situ analysis?   

Mutational analysis of the kirsten rat sarcoma viral oncogene homolog (KRAS) 

gene in colorectal cancer (CRC) patients is recommended before anti-epidermal 

growth factor receptor (anti-EGFR) because treatment is ineffective in the 

presence of mutant forms of this gene
169,170

. The most widely used sample, in 

CRC diagnostics, is FFPE tissue and a number of different assays are used for 

the analysis of DNA extracted from the tissue. The sensitivity of these assays 

has been evaluated between 1 and 20% of the tumor content (homozygous tumor 

cells/wild-type)
170

. The performance of these assays is highly affected by the 

tumor content of the samples, which therefore has to be subjected to 

histopathological examination and manually enrichment by microdissection in 

case of low tumor content (usually when below 10% of tumor cells)
169

. This 

adds an extra step with associated additional risks for errors and costs. The 

padlock probe assay has been shown to have comparable sensitivity, down to 

1% mutant cells and high specificity although this has to be further evaluated in 

a clinical trial
168

. The advantage of such assay is that no extra sample is required 

because histopathological and molecular assessment can be done on the same 

sample. This also means that spatial information is preserved and can be directly 
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related to the tissue morphology identifying for example different clones. 

Conversely to in vitro measurements, the relative expression of different tumor 

regions can be quantified and in the future can provide potential clinical 

information.  

Recently, a number of multigene expression profile tests that score the risk of 

tumor relapse and prognosis have entered the clinical practice
166,171,172

. These 

tests are bulk analyses performed on the RNA extracted from tumor samples. By 

in situ sequencing, the padlock probe assay can be multiplexed to a desired 

number of genes, including point mutations and other structural variations, to 

visualize expression profiles directly on the tissue samples. A digitalized and 

quantifiable measurement of the molecular state of the tissue should result in a 

better classification and grading of the tumor, supporting or replacing the 

traditional morphological examination. For instance, the Gleason score for 

grading prostate cancer, a particularly heterogeneous type of cancer, is based on 

the histological evaluation of a number, usually 12, of needle biopsies
173

. Many 

lesions are often present in different biopsies and with different levels of 

differentiation (scored 1-5)
174

. The grade is assigned based on the areas that 

make up most of the cancer. Two limitations of this approach that have been 

amply discussed are the subjective interpretation by the pathologist and the fact 

that regions with higher grade (poorly differentiated) but under-represented are 

not taken into account
175

. Molecular staining of the sample by multiple padlock 

probes can, in principle, identify and quantify more accurately the composition 

of the tumor samples, returning an objective score based upon digital 

information. This approach is not limited to prostate but can be applied to all 

tumors for which an association between known markers and the cancer 

phenotype exists. For instance, the molecular classification of breast cancers is 

based on the expression level of estrogen receptor (ER), progesterone receptor 

(PR) and human epidermal growth factor receptor 2  (HER2/neu or HER2) and 

other markers (like the marker of proliferation Ki67, cytokeratin CK5/6 and 

epidermal growth factor receptor EGFR)
166,176,177

. This molecular classification, 

together with other factors, is used to decide on the clinical management of 

breast cancer patients. All these and other markers can be implemented in a 

multiplex padlock probe-based assay, performed on the same histological 

sample and, in some years, in automatic fashion. Other tumors are already 

screened for different mutations or molecular signatures of clinical utility and 

their number is likely to increase; therefore, methods that can quickly implement 

their use in the clinic, as for example the padlock probe assay, are a precious 

resource.   
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Present investigations 

In situ mutation detection and visualization of 

intratumor heterogeneity for cancer research and 
diagnostics. 

In this work we applied padlock probes and RCA for in situ detection of 

clinically relevant point mutations in solid tumors. 

Before starting EGFR antibody therapy, patients with CRC are tested for 

activating mutations in KRAS, which make the therapy ineffective
169

. Seven of 

these point mutations are located in codon 12 and 13 representing almost 95% of 

all mutations found in KRAS in these patients
178

. The same mutations are also 

found in lung adenocarcinoma, associated with poor prognosis, while some 

EGFR mutations in presence of wild-type KRAS indicate that the tumor is more 

sensitive to EGFR inhibitors
179

. Although many molecular tests to detect these 

variants already exist, new methods able to additionally capture the distribution 

of these mutations in different regions of the tissue are needed.    

We designed padlock probes to target a total of 14 different point mutations and 

the corresponding wild-type alleles in KRAS, EGFR and tumor protein 53 

(TP53) genes in colorectal and lung cancers. In this assay, gene specific primers 

are used to synthetize cDNA to which complementary padlock probes hybridize 

and are ligated. Circularized padlock probes are amplified by in situ RCA and 

detected by hybridization of fluorescent-labelled complementary 

oligonucleotides. Up to four colors can be easily distinguished. In total, 84 

different samples were analyzed, using different combinations of padlock probes 

to target different mutations. Of the 84 tumors, 44 represented prospective 

samples of unknown molecular KRAS status and were subjected to multiplex 

analysis of the seven most frequent KRAS mutations. For all samples tested by 

the padlock in situ assay, DNA was extracted from the same tissues and 

analyzed by pyrosequencing, one of the standard methods used in clinical 

laboratories to detect the presence of KRAS mutations.  For all samples tested, 

the result of the in situ padlock assay was confirmed by DNA pyrosequencing 

demonstrating 100% concordance between these two methods. However, more 

information can be obtained by the in situ assay. For example, on the same 

tissue section we were able to visualize heterogeneity of KRAS mutant 

expression, which related to tumor progression and histological heterogeneity. 

The same heterogeneity of expression was observed for an EGFR mutation that 

differed in distinctive histological regions. By targeting several mutations in 

situ, it was possible to distinguish different patterns of mutations in different 

tissue compartments in lung cancer cases as well as loss-of-heterozygosity 
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(LOH). All this information is of potential clinical relevance, for instance for 

monitoring tumor progression or prediction of response to therapy, but is lost by 

methods that rely on bulk analysis of DNA extracted from the tumor tissue 

without retaining spatial context. 

To demonstrate the applicability of the method in a clinical setting, the padlock 

probe assay was performed in a variety of different sample types, including 

FFPE material, which is the most commonly used specimen in diagnostics and 

tissue microarrays (TMAs), useful for high-throughput screening of point 

mutations. Many of the samples included in the study presented a tumor cell 

fraction lower than 10% and all were correctly genotyped with no need for 

enrichment of the tumor fraction. Finally, by using cytological preparations 

made by touch imprints from the fresh tumor, the KRAS mutation status was 

obtained on the day of sample arrival. In conclusion the result of this work 

shows the potential and applicability of the in situ padlock probe and RCA assay 

for research and diagnostics. 

In situ sequencing for RNA analysis in preserved tissue 

and cells  

In this work we demonstrated, for the first time in situ sequencing of single 

mRNA molecules, providing a highly multiplex read-out to the padlock probe 

assay. 

The light spectrum resolved by an epi-fluorescent microscope limits the padlock 

probe technology to detect only four targets at a time. Although this level of 

multiplexibility is suitable for some applications, for example detection of 

specific point mutations, a higher level of multiplexibility is needed to resolve 

more complex patterns of gene expression or to allow for screening of many 

markers simultaneously. Next generation sequencing or high-multiplex PCR can 

be used for genome-wide gene expression analysis with cellular resolution. 

Laser-assisted cell extraction from tissue section preserves the geographical 

information but is practically limited in throughput to hundreds of cells and may 

not represent differential gene expression in distinct regions of the tissue. Cells 

isolated by enzymatic dissociation and FACS analysis, instead, lack the spatial 

information. Sequencing RCPs generated in the tissue context allows multiplex 

detection of mRNA molecules for direct gene expression analysis preserving 

morphological information of the sample.      

We used SBL chemistry
125

 to sequence the RCPs generated by clonal 

amplification via RCA of padlock probes, in breast cancer fresh-frozen tissue 

sections. First, we demonstrated sequencing of native transcripts by using 

padlock gap probes and gap-fill polymerization to capture a short fraction, (four 



32 

 

nucleotides) of the retro-transcribed mRNA. After circularization and 

amplification of the padlock gap probe, the targeted four nucleotide region was 

sequenced by repeated cycles of SBL and imaging. In this way we were able to 

distinguish HER2 and ACTB expression on a breast cancer section, and showed 

that HER2 expression was confined to the tumor region. Because a four-

nucleotides read length is too short to uniquely distinguish a high number of 

genes, we used gene-specific molecular barcodes inserted in the padlock probe 

sequence to distinguish up to 256 (4
4
) genes. We designed padlock probes to 

target 39 transcripts in one ER-negative and two ER-positive breast cancer tissue 

sections, including a panel of 21 genes used to predict distant tumor recurrence 

in breast cancer patients
180

. After random cDNA synthesis, we applied the 

padlock probes and sequenced the RCPs, validating expression data from 31 

genes. The data from the three samples corresponded to the known ER status. 

We used HER2 and vimentin (VIM) expression as a marker to differentiate 

between tumor and stromal compartments and used hematoxylin and eosin 

(H&E) staining of the same section to confirm the histological localization. 

When comparing the expression of genes detected in the HER2 or VIM 

compartments from the ER-negative sample with published RNA-seq data, the 

highest correlation was found with an ER-negative breast-cancer derived cell 

line and normal breast tissue respectively. Later comparison with RNA-seq data 

obtained from the same ER-negative tumor sample showed even stronger 

correlation (unpublished data). Overall, this work demonstrates the feasibility of 

using next generation sequencing to visualize gene expression profiles directly 

in cells and tissue sections. 

In situ sequencing identifies TMPRSS2-ERG fusion 
transcripts, somatic point mutations and gene 
expression levels in prostate cancers. 

In this work we demonstrated in situ sequencing for simultaneous detection of 

point mutations, gene expression and gene fusions and for visualization of intra 

and inter-tumor heterogeneity in prostate cancer (PCa).  

Prostate cancers are highly heterogeneous tumors, very often characterized by 

multifocality which refers to the presence of two tumors separated by normal 

tissue
181,182

. The Gleason grading system assigns an overall score to the prostate 

tumor based on morphological examination. Because of heterogeneity between 

different tumor foci, the score is made by taking into account the two most 

represented grades. Thus, the score of individual tumors does not always 

represent the overall score
181

.  Different mutations are frequently found in PCa. 

Fusion of androgen-regulated transmembrane protease serine 2 (TMPRSS2) with 

the ETS-related gene (ERG) transcription factor is found in about 50% of 

PCa
183

. Amplification of androgen receptor (AR) gene is present in about 30% of 
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the cases
184

, while a point mutation is present in TP53 in 10-35% of the cases
185

. 

Visualization and measurement of heterogeneity at molecular level may improve 

grading of PCa and development of therapeutic strategies. 

We designed barcoded padlock probes to target the five most frequent 

TMPRSS2-ERG fusion variants described in literature: T1/E5, T1/E4, T1/E5, 

T2/E4 and T2/E5 (numbers indicate in what exon of the two genes the fusion 

junction is located). Furthermore, we designed barcoded padlock probes to 

detect AR, a specific point mutation in TP53 gene and alpha-methylacyl CoA 

racemase (AMACR), also found over-expressed in PCa
186

. The pool of probes 

and the sequencing of barcodes were tested on VCaP cells carrying T1/E4 fusion 

transcripts, AR amplification and a specific TP53 point mutation and LNCaP 

cells as negative control for these mutations. We specifically identified the 

mutations and increased expression levels of AR in VCaP cells compared to 

LNCaP cells. We then tested padlock probes for detection of TMPRSS2-ERG 

fusion transcripts in 13 FFPE tumor tissues that had been previously evaluated 

by immunohistochemistry staining. We scored seven cases positive for fusion 

transcripts and six as negative with 100% concordance between padlock probes 

and antibody-based detection of ERG overexpression. By sequencing the 

molecular barcodes the identity of the fusion variants could be revealed showing 

heterogeneity among different tissue regions. We therefore sequenced fusion 

variant-specific padlock probes in fresh-frozen tissue sections from four of the 

cases being positive for TMPRSS2-ERG. Two samples showed a similar pattern 

of fusion variants (~90% T1/E4 and ~10% T1/E5 of the total reads) 

homogeneously distributing over the tissue. The other two samples showed 

different fusion variant compositions: in one PCa T1/E4 was present at 92% of 

the total reads and T2/E4 representing 4% of the reads but only found in one 

fifth of the imaged area. In the last sample, T2/E4 was the most prevalent variant 

(76% of the total reads), while 13% of the reads resulted T1/E4 and were found 

only in a third of the imaged area. Despite the small number of sample analyzed, 

we demonstrated that padlock probes and in situ sequencing can be used to 

visualize and quantify intra and inter-tumor heterogeneity in prostate cancer. 

Oligonucleotide gap-fill ligation for mutation detection 

and sequencing in situ. 

In this work we demonstrated the use of oligonucleotide gap-fill ligation as a 

mechanism for mutation detection and as an alternative to gap-fill 

polymerization for targeted in situ sequencing. 

Padlock gap probes differ from classic padlock probes in the fact that upon 

hybridization to a template, a gap is left between the ends of the two target-

complementary arms. This gap can be either filled by polymerization or by 
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ligation of an oligonucleotide matching the gap in size and sequence 

complementarity. The padlock gap probe can then be circularized by ligation 

and amplified via RCA. When gap-fill ligation is used to circularize the padlock 

probe, two separate ligation events need to occur. We investigated the 

specificity and efficiency of this mechanism when a pool of oligonucleotides, 

called gap probes, was used to circularize padlock gap probes and demonstrated 

the feasibility to reveal the identity of the incorporated oligonucleotide by 

sequencing it in situ. 

To test this approach, we chose a six nucleotide-long region on the mtDNA 

containing a point mutation associated with mitochondrial encephalomyopathy, 

lactic acidosis and stroke-like episodes syndrome (MELAS)
187

. We designed a 

fully complementary gap probe and other gap probes having a single nucleotide 

mismatch at different positions. When seven gap probes were combined, only 

the perfect match being 5’-phosphorylated (a requirement for the DNA ligation 

to occur) we were able to distinguish between a wild-type cell line and a mutant 

cell line by presence or absence of signals. A parallel reaction where instead the 

MELAS specific gap probe was 5’-phosphorylated, showed presence of signal 

in the mutant cell line but not in the wild-type. We estimated this reaction to be 

about 20% less efficient than a single DNA ligation of a padlock probe. We also 

tested the method to genotype mRNA molecules and reveal the identity of the 

incorporated gap probe by in situ sequencing. By using two allele-specific gap 

probes, both 5’-phosphorylated, we were able to distinguish between human and 

mouse fibroblasts and to assess the incorporation of the correct gap probes by 

sequencing a targeted SNP on the ACTB transcripts of the two cell lines. This 

method has a simpler and cheaper design compared to the use of multiple 

padlock probes for detection of several mutations in a short sequence region. 

Also, the double ligation provides high specificity to the reaction although the 

overall efficiency is lower. If necessary, the identity of the gap probe 

incorporated can be revealed by sequencing. 
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Concluding remarks and future 

perspectives   

In situ sequencing, a padlock probe-based technology described in this thesis, 

has enormous potential as the method of choice for tissue analysis in research 

and in clinical settings. This molecular tool can detect clinically relevant point 

mutations as well as other structural genetic aberrations and resolve gene 

expression patterns directly in the context of cells and tissues. This technology 

can be used to realize the so called “digital pathology” where optical images are 

transformed into digital signals and these in turn are translated into information 

of various types
188,189

. In the near future, tissue samples will be automatically 

processed for morphological and molecular staining, and images of the whole 

slide will be acquired and automatically analyzed through different image 

analysis software. To that end, at least three major improvements of in situ 

sequencing are required. 

First, the procedure has to be automated to increase speed, throughput and 

reproducibility. Implementation of the protocol into an existing NGS machine 

may enable a higher level of automation. The fluorescent read-out and the 

sequencing chemistry used are, in principle, compatible with some of the 

existing NGS systems. Automation will be necessary to scale up the number of 

samples analyzed and to test the robustness of the method in a large study 

cohort. Fluidic systems that necessitate lower volume of reagents will likely 

increase the efficiency of the molecular reactions and at the same time, decrease 

time and cost of the assay. 

Second, the sensitivity of in situ sequencing needs to be increased to extend the 

analysis to low abundant genes or the detection of rare cells, which would be of 

great importance for clinical applications. This can be achieved in different 

ways. One way is to increase the sensitivity of the detection. In situ padlock 

probe assays already exploit the RCA method, but further signal amplification 

can be achieved in various ways
190

. To increase the signal-to-noise ratio, 

however, it may be necessary to decrease the fluorescent background of the 

specimen. Several protocols have been described for decreasing sample 

autofluorescence and background, including the most recent tissue clarification 

techniques
191,192

. Some of these protocols may be compatible with the padlock 

probe assay. Alternatively, one can increase the analytical sensitivity of the 

method by amplification of the target material. A method based on recombinases 

which allows exponential isothermal amplification of DNA molecules
193

 has 

been tested in situ in combination with padlock probe detection (unpublished 

data). Diffusion of the amplified target between cells thereby altering the spatial 
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definition of expression profiles may be problematic; however, spatial resolution 

may be of less importance in case of mutation detection where presence or 

absence of a clinical mutation is the primary question.  

Finally, an extensive use of this method will generate large amounts of data. 

With the imaging setting used in this work, imaging 50 mm
2
 of tissue at 20x 

magnification generates about 10 gigabytes of data for one single cycle. Imaging 

many samples for four rounds of sequencing cycles will produce terabytes of 

data. High computational power will be needed to store and analyze such data. 

Solutions developed to handle data produced by NGS machines can potentially 

be used for in situ sequencing as well. To fully integrate in situ sequencing in 

digital pathology, however, the method requires the integration of software and 

algorithms able to analyze digital information and transform them into 

biological information. These may be easy to implement for some applications 

like detecting point mutations and scoring of tissues based on the expression of a 

specific mutation. More difficult tasks will be the recognition of a specific 

pattern based on an a priori hypothesis, finding new patterns from the molecular 

profile and relating the molecular information to the morphological structures. 

Some work in this direction has already been done, mostly for H&E stained 

samples
194–196

. Integrating or developing new software for molecular analysis is 

the biggest challenge that in situ sequencing method will face. 
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Populärvetenskaplig 

sammanfattning på svenska 

Ett sätt att försöka fastställa vad en vävnad gör och hur den mår är att mäta 

aktiviteten av gener hos cellerna som utgör vävnadens byggstenar. Alla celler i 

vävnaden har samma uppsättning gener, men skälet till att olika celltyper ser 

olika ut och har olika funktion i vävnaden beror på vilka gener som är aktiva i 

varje enskild cell. Genaktiviteten kan uppskattas genom att mäta mängden 

mRNA som produceras från varje enskild aktiv gen. Traditionellt har man gjort 

denna analys genom att extrahera RNA från vävnaden och sedan mäta hur 

mycket det finns av varje mRNA. Problemet med den typen av analys är att 

vävnader består av en mängd olika celltyper och dessa kan befinna sig i olika 

tillstånd på grund av mikromiljön i olika delar av vävnaden. Informationen om 

denna vävnadsheterogenitet  går förlorad då mätvärdena blandas ihop till ett 

genomsnitt för hela den vävnadsdel som analyserats. Ny teknologi möjliggör 

analys av det totala mRNA innehållet (transkriptomet) i enskilda celler som 

isolerats från vävnader, men informationen om den ursprungliga placeringen i 

vävnaden går förlorad, och det är heller inte möjligt att använda denna teknologi 

för att analysera alla celler i en vävnad. Alltså behövs nya metoder som tillför en 

spatiell dimension till data för att kunna koppla ihop informationen om mRNA-

uttryck i enskilda celler med vävnadstruktur och morfologi. 

I denna avhandling presenterar jag utveckling och tillämpning av en klass av 

molekylära redskap som kallas padlock prober (molekylära hänglås) och 

rullande cirkel amplifiering (RCA) för spatiellt upplöst transkriptomanalys. 

Padlock prober tillåter  in situ (på plats i celler) detektion av enskilda mRNA 

molekyler med en upplösning som är tillräcklig för att särskilja enskilda bas-

skillnader mellan mRNA sekvenser, och på så sätt visualisera molekylär 

information i vävnaden. Till exempel visas i min avhandling hur kliniskt 

relevanta cancerframkallande mutationer är utbredda i snitt från tumörer, och 

visualiserar därmed den heterogenitet som finns inom tumörer med avseende på 

dessa mutationer. För att spatiellt kunna kartlägga mer komplexa 

genuttrycksmönster i vävnader, har vi utvecklat en teknik som tillåter 

sekvensering av RCA producter in situ. Vi kombinerade då vår padlock prob 

teknik med en sekvenseringskemi som används inom massiv parallel 

sekvensering (next generation sequencing). Vi visade för första gången att det 

går att sekvensera korta bitar av mRNA direkt i fixerade celler och vävnader 

med metoden. Genom att använda in situ sekvensering går det att läsa av mer 

komplexa pooler av padlock prober som samtidigt detekterar och identifierar 

många olika mRNA molekyler i samma cell. Vi använde denna strategi för att 
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mäta aktiviteten av tiotals gener i hundratusentals celler, i analyser som 

inkluderar punktmutationer, fusionstranskript samt uttrycksnivå. 

De presenterade molekylära verktygen komplementerar vanlig 

transkriptomanalys genom att tillföra en spatiell dimension till den molekylära 

informationen. Den nivå av upplösning som de nya metoderna ger är viktig för 

att fullt ut förstå många biologiska processer och kan komma att bli viktig för att 

välja rätt behandling till cancerpatienter. 
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