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ABSTRACT
 

Every cancer tumor is unique, with characteristics that change over time. The 
evolution of a full-blown malignancy from a single cell that gives rise to a 
heterogeneous population of cancer cells is a complex process. The use of 
spatial information makes a big contribution to understanding the progression 
of tumors and how patients respond to treatment. Currently, the scientific 
community is taking a step further in order to understand gene expression 
heterogeneity in the context of tissue spatial organization to shed light on cell-
to-cell interactions. Technological advances in recent years have increased the 
resolution at which heterogeneity can be observed. Spatial transcriptomics 
(ST) is an in situ capturing technique that uses a glass slide containing 
oligonucleotides to capture mRNAs while maintaining the spatial information 
of histological tissue sections. It combines histology and Illumina sequencing 
to detect and visualize the whole transcriptome information of tissue sections. 
In Paper I, an AI method was developed to create a computerized tissue 
anatomy. The rich source of information enables the AI method to identify 
genetic patterns that cannot be seen by the naked eye. This study also provided 
insights into gene expression in the environment surrounding the tumor, the 
tumor microenvironment, which interacts with tumor cells for cancer growth 
and progression. In Paper II, we investigate the cellular response of treatment. 
It is well known that virtually all patients with hormone naïve prostate cancer 
treated with GnRH agonists will relapse over time and that the cancer will 
transform into a castration-resistant form denoted castration-resistant prostate 
cancer. This study shows that by characterizing the non-responding cell 
populations, it may be possible to find an alternative way to target them in the 
early stages and thereby decrease the risk of relapse. In Paper III, we deal with 
scalability limitations, which in the ST method are represented by time-
consuming workflow in the library preparation. This study introduces an 
automated library preparation protocol on the Agilent Bravo Automated 
Liquid Handling Platform to enable rapid and robust preparation of ST 
libraries. Finally, Paper IV expands on the first work and illustrates the utility 
of the ST technology by constructing, for the first time, a molecular view of a 
cross-section of a prostate organ. 

 



SAMMANFATTNING
 

Varje cancertumör är unik med egenskaper som förändras över tid. 
Utvecklingen av en fullständig malignitet från en enda cell som ger upphov till 
en heterogen population av cancerceller är en komplex process. Att få tillgång 
till spatial information är viktigt för att förstå utvecklingen av tumörer och hur 
patienter svarar på behandling. För närvarande har forskare världen över tagit 
ett steg längre för att förstå gener och heterogenitet genom att titta på alla 
komponenter inom en vävnad för att belysa interaktion mellan celler. Under de 
senaste åren har tekniska framsteg ökat upplösningen vid vilken heterogenitet 
kan observeras. Spatial transcriptomics (ST) är en in situ-teknik, som använder 
sig av en array av glas. Den innehåller oligonukleotider för att fånga mRNA, 
samtidigt som den spatiella informationen om histologin bibehålls. 
Kombinationen av histologi och Illumina-sekvensering gör att man kan 
visualisera hela transkriptomet inom ett vävnadssnitt. I den första studien 
utvecklades en AI-metod för att skapa en datoriserad vävnads anatomi. Den rika 
informationskällan gör det möjligt för AI-metoden att identifiera genetiska 
mönster som inte kan ses med blotta ögat. Denna studie gav också insikter om 
genuttryck i miljön omkring tumören; tumörens mikromiljö, som interagerar 
med tumörceller för att cancern ska växa och sprida sig till andra organ. I 
papper II undersöker vi hur patienter svarar på behandlingen. Det är välkänt att 
praktiskt taget alla patienter med avancerad prostatacancer som behandlas med 
GnRH-agonist kommer över tid att få återfall. Denna studie visar; genom att 
karakterisera de icke-svarande celler så kan det vara möjligt att hitta ett 
alternativt sätt att behandla tidigt och därmed minska risken för återfall. I papper 
III vill vi förbättra de tidigare tidskrävande delarna i ST protokollet som krävs 
för att förbereda proverna för sekvensering. Denna studie introducerar ett 
automatiserat protokoll för på den så kallade “Agilent Bravo Automated Liquid 
Handling Platform” och möjliggör snabb och robust preparering av ST-
bibliotek. Papper IV bygger vidare på det första arbetet och illustrerar ST-
teknikens användbarhet genom att för första gången konstruera en atlas av ett 
tvärsnitt från ett helt organ (prostata).  
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SOMETHING TO STRIVE FOR
 

I realized early on, back when I was a teenager, that I wanted to work in 
research. A desire to be part of proactive change was awakened within me 
when, for the first time, I was surrounded by relatively young people who were 
dying, including my best friend’s mother who was diagnosed with breast cancer 
and metastasis in the bone. It was frustrating that people entered the healthcare 
system already dying of something that we could have prevented. A cancer 
disease does not occur overnight but is a long process, right? We have to catch 
up with these patients early on, I thought, and it was at that time I started to read 
about areas such as life science and precision medicine. Healthcare has been and 
is still very conservative and is based on the mindset that we make the best of 
the situation when we are already very sick. We are happy to inspect our cars 
every year, but why not do the same with our own bodies? I think the answer to 
that lies within the technology, and that conviction inspired me to write this 
thesis. 
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INTRODUCTION
 

The human body 

There are an estimated 50 trillion cells in the human body, each with its own 
complete set of instructions for making us. This set of instructions is known as 
our genome and is made up of DNA. Each cell contains 23 pairs of 
chromosomes made up of roughly 3 billion bits of DNA code. The cells are the 
building blocks that make up all of our bodily systems and each cell has a 
specific role to play [1]. Over the past decade, the development of next-
generation sequencing (NGS) has allowed for analysis of the entire human 
genome in only a couple of hours [2].  

Cancer drivers hiding in RNA, not DNA 

Most people consider cancer to be a disease of damaged DNA. Mutations in the 
sequence of DNA leads to functional changes of proteins made from that DNA, 
causing uncontrolled cell division. But, between DNA and proteins lies the 
instructions for making proteins, the mRNA, which serves as an important link 
between DNA and proteins (Figure 1). Your DNA is supposed to be your 
blueprint, your unique master code, identical in every one of your tens of trillions 
of cells. But that’s not the whole truth. In reality, you are an assemblage of 
genetically distinctive cells, some of which have radically different missions. If 
every cell in your body is made up of the same DNA, how can they be different? 
Our DNA is comprised of a string of molecules known as nucleotides. These are 
represented by the letters A, C, G and T. Blocks of these letters—genes—are used 
to make particular proteins, a cell’s main machine. DNA lives in the nucleus of a 
cell, while proteins are made in the surrounding cytoplasm. To link this gap, a 
cell must first make an RNA copy of a gene’s DNA. This RNA copy, called 
messenger RNA (mRNA), is then transported out of the nucleus. It is this mRNA 
copy that cells read and translate into a protein. A cell is able to create many 
copies of the same RNA molecule and this is referred to as the expression level 
[3]. The cells in our bodies become structurally and functionally diverse by 
activating different combinations of genes. By studying the RNA that is 
transcribed, we can find out which genes are active in a particular cell type, 
bringing us closer to understanding how a cell can become malignant. 
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Figure 1. Central dogma of biology. The central dogma illustrates the flow of genetic 
information in cells: the DNA replication, coding for the RNA through the transcription 
process, and further RNA coding for the proteins by translation. 

Examining DNA provides us with a static picture of what a cell might do or 
become, whereas measuring RNA lets us see what a cell is actually doing right 
now. Changes in RNA (gene expression) reflect changes in cellular function and 
behavior, in development and in disease states [3]. Importantly, alterations in 
DNA methylation may occur early in tumorigenesis and can impact gene 
expression [4]. 

RNA sequencing 

Transcriptomics is the large-scale study of RNA molecules through the use of 
high-throughput techniques and it provides information on the abundance and the 
composition of a cell’s transcriptome. The transcriptome (complete set of all 
RNA transcripts) could always be regarded as a snapshot or signature of the cell 
state as it varies over time and depends on the current physiological condition. As 
opposed to DNA, which is mostly identical among all cells, the transcribed RNA 
is highly dynamic [5]. 

Gene expression data are exponentially accumulating with the advancement of 
gene-expression measurement methods on a genomic scale. The attempt to 
understand the cancer transcriptome has been a continued process over the past 
four decades and was jump-started in 1977 with the invention of Northern blots 
[6] and Sanger sequencing [7]. Many other methods have been used to study the 
RNA transcripts and the first attempt to measure mRNA in an unbiased 
quantitative way was through the development of reverse transcriptase 
quantitative PCR (RT-qPCR) [8–10] and expressed sequence tags (ESTs) [11].  

The invention of microarrays made it practical (in terms of cost and time) to 
measure thousands of known genes simultaneously. This method was soon used 
for tissue profiling in the Functional Annotation of Mammals (FANTOM) project 
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[12,13]. An economical technique for sequencing very short tags, serial analysis 
of gene expression (SAGE), was also developed during the 1990s. This platform 
was limited to the number and lengths of sequencing reads and was therefore out-
competed by microarrays [14]. Nevertheless, it laid a foundation for tag-based 
sequencing such as digital gene expression and the latest single-cell technologies 
[15,16]. The integration of random priming presented a breakthrough in the 
evaluation of gene expression data in cancer tissues and was used for the 
development of, e.g., shotgun EST sequencing [17] and the draft of the first 
human genome [18]. Other important developments that laid the foundation for 
today’s RNA sequencing (RNA-seq) protocols included the introduction of 
unique molecular identifiers (UMIs) and the development of PCR free techniques 
(linear amplification) [19,20]. 

RNA-seq, a method for sequencing RNA, has revolutionized our understanding 
of the molecular biology of cancer. Introduced less than one decade ago by Tang 
and colleagues, it also faces disadvantages such as averaging that occurs in 
pooling large number of cells. Since the first single-cell RNA-sequencing 
(scRNA-seq) study was published in 2009 [21], there has been a worldwide 
explosion of interest in obtaining high-resolution views of single cells [20,22–
41]. The scRNA-seq technologies can be classified broadly into two groups: full-
transcript sequencing (SMART-Seq,[42]) and 3′-only sequencing (such as 
DropSeq, [24]). The development of ultra-high throughput methods (e.g. inDrop, 
Drop-Seq, 10X Genomics Chromium, Seq-Well, and ICELL8) has permitted 
simultaneous profiling of thousands of cells at a reduced cost [43]. Other main 
advantages of the ultra-high throughput protocols are the inclusion of UMIs. 
Using combinations of cell barcodes, UMIs, and sequencing library indexes, 
thousands of individual cells can be pooled together, thus reducing the number of 
samples to be processed as well as ensuring that transcripts are only counted once 
(to avoid artifacts from PCR duplicates) [43]. Most scRNA-seq protocols 
currently available are highly accurate, but some protocols are better than others 
at detecting weakly expressed genes [44]. 

Library preparation 

As quickly as scRNA-seq is evolving to meet the needs of RNA researchers, it 
will undoubtedly continue to develop. While many scRNA-seq studies to date 
have reported new developments in wet-lab and computational tools, most have 
a general methodological pipeline (Figure 2). Single-cell isolation is the first step 
in obtaining transcriptome information from an individual cell. Emerging 
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techniques have been developed, such as the isolation of single nuclei [45] and 
“split-pooling,” which enables the processing of large numbers of cells by 
utilizing combinatorial indexing methods [46]. Following split-pooling, isolated 
individual cells are lysed to capture as many RNA molecules as possible. For 
most scRNA-seq experiments it is the mRNA that is of interest, which constitutes 
1–5% of the total RNA in the cell. The majority of the RNA in a cell is ribosomal 
RNA, usually more than 90 percent [47]. There are two general strategies to 
isolate the mRNA: mRNA-enrichment and rRNA-depletion. To avoid capturing 
ribosomal RNAs, mRNA-enrichment utilizes oligonucleotide probes that bind to 
the poly(A) tail. Poly(A) capture is best for selecting coding transcripts but 
requires the highest-quality input RNA. An alternative method is to utilize 
ribosomal RNA depletion, which uses oligonucleotide probes that capture the 
rRNA. Since this protocol includes more RNA species, it improves the overall 
yield [48]. 

The primed mRNA is converted to complementary DNA (cDNA) by reverse 
transcriptase. In many scRNA-seq protocols, the reverse-transcription primers 
also have other nucleotide sequences added, such as adaptor sequences for 
detection in NGS platforms, and UMIs that are used to identify PCR duplicates 
and to preserve information on cellular origin [19,40]. Following reverse 
transcription, PCR amplification or in vitro transcription (IVT) followed by 
another round of reverse transcription is typically a necessary step as it increases 
the number of DNA fragments [49]. Finally, the amplified cDNA is prepared for 
sequencing [50]. Many commercial kits now exist for all steps of a scRNA-seq 
protocol, for instance, full-transcript sequencing with the template switching 
(SMARTer) chemistry (Clonetech Laboratories), Illumina’s Nextera kit and the 
C1 platform from Fluidigm [51]. Not long ago, droplet-based platforms also 
became commercially available, with some suppliers also providing reagents for 
the entire scRNA-seq protocol (e.g. the Chromium from 10X Genomics) [52]. 
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Figure 2. General workflow of scRNA-seq experiments. To profile the mRNA in each 
cell, cells must be separated. Library construction is the process in which the mRNA is 
captured, reverse-transcribed to cDNA molecular and amplified. After library 
construction, cDNA libraries are labeled with cellular barcodes, and, depending on the 
protocol, UMIs. These libraries are pooled together and sequenced. Finally, the data is 
pre-processed and visualized. 

Analysis and interpretation of scRNA-seq 

Sequencing produces raw data, which undergo quality control, grouping based on 
their assigned barcodes (demultiplexing) and alignment in read processing 
pipelines to give count matrices. The resulting count matrices have the dimension 
number of barcodes x number of transcripts. Before analyzing the data, quality 
control (QC) is often performed. The QC is commonly performed based on three 
covariates: the number of counts per barcodes, the number of genes per barcode, 
and the fraction of counts from mitochondrial genes. Count depths for identical 
cells can differ due to the variability in capture, reverse transcription and 
sequencing. Normalization addresses these issues by e.g. scaling the data to 
obtain correct relative expression between cells [53]. In the analysis and 
interpretation of scRNA-seq data, effective pre-processing and normalization 
represent key challenges. Some protocols “spike in” a commercially available 
mix of mRNA to correct for batch effects. In addition, the now widespread use of 
UMI in scRNA-seq removes technical variation associated with PCR, differences 
in cell lysis, reverse transcription efficiency, and stochastic molecular sampling 
during sequencing [44,54]. Both these techniques are generally accepted by the 
field, but they are not available for all protocols. At present, spike-ins are not 
compatible with droplet-based methods and UMIs are only used in protocols 
where the 3´end of the transcripts is sequenced (such as CEL-seq2 and Drop-seq) 
[24,36,55]. 
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For differential expression studies, the gene expression values must be 
comparable between samples, which means that count data should be normalized 
for sequencing depth and other biases such as transcript length, GC content and 
transcript coverage. Single-cell data differ from bulk data and require different 
bioinformatic approaches. First, even with the most sensitive platform, the single-
cell data are relatively sparse, owing to high dropout events, i.e., zero or near zero 
values. Furthermore, the phenomenon of transcriptional bursting (active and 
inactive periods) contributes to high levels of dropouts. To counteract this 
imperfect coverage, Reads/Fragments per Kilobase per Million (RPKM or 
FPKM) and Transcripts per Million (TPM) both normalize count data by 
transcript length and sequencing depth. Because RPKM is biased on the single-
cell level, TPM could be used (recommended for full-length data). Both methods 
may also give biased results in the presence of highly expressed genes or when a 
lot of the genes are expressed in only one sample. However, the most commonly 
used normalization protocol is count depth scaling, also referred to as “counts per 
million or CPM normalization. CPM assumes that all cells in the dataset from the 
beginning contained an equal number of mRNA molecules and count depth 
differences emerge only due to sampling [53]. Other methods, such as relative 
log expression (DESeq2) and trimmed mean of M-values (edgeR), can work with 
the carry-over effect of highly expressed genes [56–58]. However, the latter 
methods might perform poorly when zero counts are present due to a relatively 
large number of dropouts or cell-specific transcripts in scRNA-seq datasets. 
Another method, scran, is available that overcomes this by performing 
normalization based on summed expression values from pools of cells [59]. Scran 
has been shown to perform better than other normalization methods for batch 
correction and differential gene expression analysis [60]. Another option is using 
spike-in RNA is an option, in which the normalization is performed by adding 
the same quantity of spike-in RNA to each cell prior to library preparation. It is 
well known that scRNA-seq data often display a lot of biological variability. 
These variations, for example, transcriptional bursting, physical size of the cell 
or heterogeneity among cells, generally warrant greater sequencing depth [61]. 
After normalization, the data matrices are often log-transformed [53].  

Single-cell data often require a filtering strategy, in which the most widely used 
criteria include number of detected genes and fraction of reads mapping to 
mitochondrial-encoded genes [62]. Normalization removes variability due to 
count sampling, however, normalized data might still contain unwanted 
variability, i.e. batch effects, which refer to differences between datasets 
generated at different times or in different laboratories. It is generally useful to 
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utilize methods that can remove batch effects to create an corrected expression 
matrix for further analysis [53]. 

Once the data are normalized, filtered, batch corrected, and in order to examine 
tens of thousands of genes, most approaches seek to reduce the multi-dimensional 
data into a very small number of dimensions that can be more easily visualized. 
First, genes that are only informative is kept, often the highly variable genes are 
selected for downstream analysis. After selection, the dimensions can be reduced 
by dedicated dimensionality reduction methods. Principal component analysis 
(PCA) is a mathematical algorithm that has been useful for summarization of the 
data. PCA has been around for over a century, it is fast, deterministic, and linear. 
However, PCA has its limitations when the data is very complex. This method 
has been augmented by other machine learning methods such as t-distributed 
stochastic neighbor embedding (t-SNE). This technique is great at capturing the 
non-linear structure in high-dimensional data, at least at a local level, meaning 
that if two points are close together in the high-dimensional space, they have a 
high probability of being close together in the low-dimensional embedding space 
[63]. t-SNE may exaggerate difference between cell populations and overlook 
potential connections between populations [53]. In 2018, Uniform Manifold 
Approximation and Projection (UMAP) was developed, as an alternative to t-
SNE. However, it has since proven to be faster than t-SNE and to capture global 
structure better than t-SNE [64]. Dimensionality reduction is, in many cases, 
followed by clustering of cells into subpopulations to extract biological insights. 
Classifying single cells based on their expression profile similarity is the basis for 
scRNA-seq analysis. Clusters allow us to infer the identity of member cells. 
Similarity is often determined via distance metrics, which is often based on 
dimensionality-reduced representations. Euclidean distance is a common 
example of similarity scoring [53]. A variety of clustering approaches have been 
developed and applied to scRNA-seq analysis, i.e. Seurat, SCENIC, SC3, 
pcaReduce and Scanpy [65–70]. Finally, a common question asked of expression 
data is whether any genes are differentially expressed (DE) between two 
conditions. Commonly used DE analysis tools are DESeq2, limma and EdgeR 
[71–73]. DE analysis methods often produces long list of candidate genes, and to 
facilitate the interpretation, grouping the genes based on involvement in common 
biological processes is common. They are stored in databases such as Gene 
Ontology, or in pathway databases, such as KEGG and Reactome [74–76].  
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Spatial profiling methods  

Single-cell sequencing technology points in a new direction for cancer research at the 
omics level. It provides research methods for analyzing tumor heterogeneity and enables 
sequencing from thousands of individual cells. However, because of the dissociation, 
information about spatial localization of cells within the tissue is lost. This loss of tissue 
context may prevent our understanding of the interactions between cancer cells and the 
tumor microenvironment that may drive tumor progression. The new field of spatial 
transcriptomics provides a promising approach to this challenge by combining in situ cell 
location with the ability to map or sequence dozens to thousands of genes. The use of 
fluorescence in situ hybridization (FISH) has become the gold standard for providing in 
situ gene expression data [77], and in situ technologies based on FISH are approaching 
100% detection efficiency [78–82]. FISH methods are typically used to profile a 
somewhat small number of cells in a single experiment and are not able to detect all genes 
expressed within a single cell, as they rely on a priori knowledge of the genes under 
investigation. Moreover, they are laborious and difficult to scale because they often 
require high-resolution imaging. However, last year, SeqFISH+ was developed, which 
scales the FISH barcoding strategy to 10,000 RNA species [83]. 

The computational integration of spatial gene expression data gathered using 
FISH and scRNA-seq has now been performed successfully in a number of 
landmark publications, initially proposed independently by Satija et al. [84] and 
Achim et al. [85], and later applied to other tissues [86]. These studies typically 
measure the spatial distribution of key genes that are known to exhibit spatial 
patterning. These strategies are usually only applicable to model organisms for 
which gene expression reference maps are already available. 

Other methods have been developed to preserve spatial information by using 
sequencing. Whole tissues can be decomposed using the Niche-seq approach 
[87],  in which a group of cells are specifically labeled with a fluorescent signal, 
sorted, and then subjected to scRNA-seq. The Slide-seq approach uses an array 
of Drop-seq beads with known barcodes to dissolve corresponding slide sites and 
sequence them with the respective barcodes [88]. Ultimately, one would like to 
sequence inside a tissue without dissociating the cells and without compromising 
on the unbiased nature of scRNA-seq. Initial approaches aiming to implement 
sequencing by synthesis in situ were proposed by Ke et al. [89] and Lee et al. 
[39], the latter being referred to as FISSEQ (fluorescent in situ sequencing). 
These methods generate narrower transcriptome profiles than do RNA-seq 
approaches, but they directly detect RNA.  
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Figure 3. Dissecting spatial tumor heterogeneity using the spatial transcriptomics 
method. Spatial barcoding during RNA reverse-transcription allows identification of 
tissue localization of sequenced transcripts. 

Recently, starMAP was presented, which combines in situ amplification of 
mRNA transcripts with hydrogel tissue chemistry, allowing the detection of 
around a thousand genes in millimeter-scale tissue blocks [90]. The methods 
above are being rapidly improved and are already being applied to clinical 
samples [91].  

Within the scope of this thesis, a recently developed spatial transcriptome-wide 
method has been evaluated and used to investigate prostate cancer (PCa) 
heterogeneity. In this method, termed Spatial Transcriptomics (ST), spatial 
resolution and quantitative analysis of the transcriptome are achieved within 
tissue sections by placing histological sections on glass slides printed with ~1000-
5000 spots [92,93]. Each spot contains reverse transcription (RT) primers with 
position-specific barcodes. The RNA is diffused vertically down to the solid 
surface and hybridized locally to RT primers immobilized within each spot, 
which acts as a template for cDNA synthesis. Sequencing is performed outside 
the tissue and the barcoded reads are superimposed back onto the tissue image 
(Figure 3).  

Although the currently available spatial resolution of 100 μm covers only 5–100 
cells at once, high-density spatial transcriptomic arrays have recently been 
introduced that achieve 2-μm resolution [94]. Technical challenges to assessing 
heterogeneity experimentally have led to enormous interest in computational 
deconvolution methods as a way of computationally separating cell populations 
from mixed samples (Figure 3). We present a deconvolution method for higher-
dimensional spatial visualization, which constitutes much of the analysis upon 
which all papers in this thesis is based. It is described in more detail in the Present 
Investigation chapter. 
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Molecular view of cancer by technological advances 

Medicine now exists in a cellular and molecular era, where scientists and 
clinicians seek to understand cellular behavior through technological 
advancements. To gain a molecular understanding of different cell types, cells 
can be analyzed in a variety of ways, for example through DNA sequences, 
chromatin structure, mRNA sequences, non-protein-coding RNA, protein 
expression, protein modifications and metabolites [95]. Transcriptomics 
research has matured to the extent that its benefits for clinical diagnosis and 
treatment of patients can be explored [96]. Research is already being conducted 
to utilize RNA-Seq in a clinical setting to detect early-stage head and neck 
cancer [97], to inform treatment options in breast cancer [98,99], and in cancer 
immunotherapy [100,101]. Moving cancer research into a clinical environment 
also presents many challenges. Results need to be obtained quickly, so that 
patient diagnosis and care are not unreasonably delayed. Furthermore, sample 
volume may be high and cost to the healthcare system needs to be minimized. 
How to best solve this is an important question that remains to be answered. 

Cancer -– a heterogeneous disease 

Cells grow and divide to make new cells as the body needs them. Usually, cells 
die when they get too old or damaged. New cells then take their place. Cancer, 
the uncontrolled division and spread (metastasis) of abnormal cells within the 
body [102], has existed in humans and other animal species throughout history 
and is one of the oldest diseases ever described by medicine. One of the earliest 
manuscripts reporting on cancer treatment was the Egyptian papyrus of Edwin 
Smith, dated 1600 BC although possibly a copy of a much older document from 
2500 to 3000 BC [103]. Over time, we have made tremendous advancements in 
understanding and treating cancer, although therapeutic success has been 
hampered by disease recurrence, even when cancer is at undetectable levels 
[104]. One of the main reasons why cancer has been so hard to prevent, and so 
difficult to treat, is that we knew very little about the disease for a very long 
time. More than 100 years ago it was observed that cancers contain 
morphologically different cells [105]. This phenomenon was named intratumor 
heterogeneity (ITH) and has since proven to be a key challenge in cancer 
medicine. Over a century later, Hanahan and Weinberg defined the hallmarks of 
cancer as biological capabilities acquired during the multistep development of 
human tumors. These capabilities include sustained proliferative signaling, 
resistance to cell death, deregulated cellular energetics, evasion of growth 
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suppressors, genome instability and mutations, replicative immortality, 
induction of angiogenesis, activation of invasion and metastasis, tumor-
promoting inflammation and immune escape. Recognition of the widespread 
applicability of these concepts will increasingly affect the development of new 
means to treat human cancer [106]. 

For a long time, we have viewed the development of cancer in a linear fashion. 
We still don’t know how many changes are needed for tumor initiation and 
progression. However, it is believed that in most solid cancers, 2 to 20 driver 
mutations are required for the cancer to switch to a malignant state. Not all cancer 
cells are equally malignant and only a fraction of tumor cells could eventually 
form metastatic lesions in distant organs. It is believed that alterations in some 
crucial genes may be responsible for driving the progression [107,108].  
Meanwhile, heterogeneity has emerged as an important hallmark of cancer 
progression [109–111]. In addition, as there is emerging evidence showing the 
prevalence of tumor heterogeneity, cancer types are being defined based on 
different morphological and phenotypic properties. Heterogeneity manifests in 
two ways, either within a single tumor (intratumor heterogeneity) or between 
tumors (intertumor heterogeneity) [111]. Over the coming decade, sequence data 
is expected to arrive for tumors from primary and metastatic sites with different 
spatial and temporal dimensions [111]. 

The human prostate and the development of cancer 

PCa is the most prevalent form of non-cutaneous cancer in men and has the 
highest incidence of male cancer in Europe, whereby approximately 1 in 7 men 
will be diagnosed with PCa during their lifetime [112,113]. PCa are the leading 
cause of cancer-related death among men worldwide [114], and has a distinct 
tumor biology ranging from an indolent to an aggressive course [115]. The poor 
prognosis is mainly attributable to the high rate of tumor recurrence or metastasis, 
contributing to around 90% of cancer-related mortality [116]. PCa is, apart from 
hereditary cases, a disease of old age with a peak incidence in men of ~ 75 years 
[117]. Little is known about the etiology of PCa, and the only well-established 
risk factors are increased age, family history, black ethnic background, and a 
couple of genetic factors. As in other cancers, the heterogeneity of the prostate 
gland has proven to be a bottleneck for the search for the origin of the disease 
[118–120]. PCa has a prolonged natural history that can be conceptually divided 
into three stages. The first phase involves the initiation and development of an 
organ-confined disease, approximated to take at least 15 years. The second phase 
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involves spreading to neighboring lymph nodes, and the last stage involves 
metastatic spreading via lymphatic and blood circulation to the skeleton [121]. 
The human prostate is a walnut-sized organ that is located just below the bladder 
and surrounds the urethra. Its main function is to produce approximately one-
third of the seminal fluid. By supplying essential nutrients, enzymes and ions, 
prostatic secretions ensure the survival of spermatozoa until reproduction. 
Roughly two-thirds of the prostate is glandular in structure and the remaining 
third is fibromuscular. The prostate is composed of glands surrounded by a 
stromal environment. The gland’s epithelial cells are composed of several types 
of cells: (1) basal cells, anchored on top of the basement membrane; (2) 
neuroendocrine cells; (3) epithelial cells; and (4) secretory luminal cells 
[120,122]. Basal cells form a discontinuous layer of cells, characterized by the 
expression of K5, K14 and p63 surrounding the luminal cells. Luminal cells 
express keratin K8, K18, androgen receptors (AR) and secretory proteins such as 
PSA [112]. Under the basement membrane, stroma is occupied by fibroblasts, 
myofibroblasts and smooth muscle cells (Figure 4). 

During the process of malignant transformation, cells gradually evolve from the 
benign to the malignant phenotype. The prostate is an organ in which pre-
neoplastic disorders, including proliferative inflammatory atrophy (PIA) and 
prostatic intraepithelial neoplasia (PIN) are relatively common. High-grade 
prostatic intraepithelial neoplasia (HGPIN) is a premalignant lesion associated 
with increased risk of coexistent cancer or delayed progression to carcinoma.  PIN 
has been defined as abnormal proliferation and cellular dysplasia of the prostate 
epithelium without stromal invasion [123,124]. Conversely, prostate carcinomas 
are characterized by loss of the basement membrane and presence of a reactive 
stroma (such as cancer-associated fibroblasts) that aid tumor growth [125]. Once 
metastasis occurs, the tumor becomes AR independent (Figure 5). The prostate 
has been divided into three major zones—the peripheral zone, the central zone, 
and the transition zone—which differ histologically and biologically [123] 
(Figure 6).  

Well-established, minimally invasive clinical tests, such as monitoring prostate-
specific antigen level (PSA) level in blood, and digital rectal exams (DRE), allow 
screening and tracking of disease progression. If results are deemed suspicious, 
follow-up biopsy and histological grading is performed to establish the presence 
and characteristics of the cancer [112,126,127]. 
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Figure 4. Schematic illustration of cell types in the adult prostate. The epithelial 
compartment is composed of basal cells that line the basement membrane, secretory 
luminal cells, and rare intermediate and neuroendocrine cell populations. These epithelial 
ducts are adjacent to a stromal compartment that includes smooth muscle cells, 
fibroblasts, blood vessels and neural components.  

A number of different grading systems have been proposed for PCa, but most 
pathologists today use traditional factors such as tumor stage, PSA level and the 
Gleason grading system [127–129]. The Gleason grading system assigns 
histologic patterns 1 through 5, adding the most and second-most common 
patterns with Gleason scores ranging from 2 to 10. Nevertheless, scores 2–5 are 
currently no longer assigned. Although the majority of PCa is diagnosed as organ-
confined disease, cancers with similar Gleason scores (e.g. 7-10) show substantial 
intratumor heterogeneity [127,129,130]. Since it has been shown that the regions 
with the same histological pattern (same Gs) can differ in their molecular 
alterations, a novel system containing five grade groups (GS⩽6; 3+4; 4+3; 8; ⩾9) 
has been recently agreed upon and included in the WHO 2016 classification 
[127]. 
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In an era of routine screening of PSA level, the majority of cancers are detected 
while they are still curable (prior metastasis) [131,132]. PCa patients treated at 
early stages have a good prognosis, with 5-year overall survival (OS) reaching 
99%. In contrast, metastatic PCa patients generally experience a poor outcome 
[133,134]. PCa preferentially metastasizes to the skeleton, and associated 
complications, including bone pain, fractures and spinal cord compression, cause 
much of the morbidity of the disease. In fact, it is the health implications of bone 
metastases developing in later disease stages rather than the primary tumor itself 
that account for the mostly lethal outcomes of PCa [135]. Although blood PSA 
quantification is widely used and is considered a valuable diagnostic tool, many 
other conditions apart from PCa can elevate levels of this protein, such as benign 
prostatic hyperplasia (BPH) and prostatitis (inflammation). Unfortunately, the 
PSA does not discriminate between patients who are at a higher risk of 
progressive disease/mortality and those who have a more favorable prognosis 
[136,137]. Moreover, PSA is an imperfect biomarker missing 15% of the cases 
when PSA is normal [138]. Therefore, the identification of the men who could be 
managed conservatively through active surveillance and those who require 
aggressive treatment are crucial to circumvent overtreatment that also results in 
reduce morbidity [139]. As part of emerging efforts to improve both detection 
and management decision making, a number of new tools have recently been 
developed. A quite recent test that has been suggested for use as an alternative to 
PSA testing is the Stockholm-3 (STHLM3) test. The STHLM3, a personalized 
risk-based diagnostic tool, combines plasma protein biomarkers (PSA, free PSA, 
intact PSA, hK2, MSMB, and MIC1), genetic polymorphisms (232 SNPs), and 
clinical variables (age, family, history, previous prostate biopsy, and prostate 
examination). STHLM3 showed a higher ability in the identification of high-risk 
disease (Gleason score ≥7) in comparison with PSA alone [140]. 

Treatment of prostate cancer 

Initial treatment for localized disease may involve an active surveillance 
approach, partial or radical prostatectomy, and/or radiotherapy [141]. More 
advanced disease treatment entails androgen deprivation therapy (ADT), 
chemotherapy, or immunotherapy to boost the immune system [142]. The 
prostate epithelium receive stimulation via the AR signaling for continued 
proliferation, survival, proper tissue differentiation and homeostasis during 
prostate development and function [143]. AR signaling, however, is hijacked in 
prostate tumors, turning into a powerhouse for continuous cancer progression. 
Thus, the mainstay treatment for metastatic PCa is ADT, consisting of either 
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surgical or medical castration (luteinizing hormone-releasing hormone (LHRH) 
analogs/GnRH agonist or antagonists). LHRH analogs work by decreasing 
testosterone production to very low levels by depleting the pituitary gland of the 
luteinizing hormone needed to produce testosterone. Nowadays, ADT is often 
complemented with the use of AR antagonists (i.e., bicalutamide and 
enzalutamide), which compete with testosterone for binding to AR [144]. The 
combination of LHRH analogs and antagonists achieves complete androgen 
blockade and is very effective for a short period of time. However, after a mean 
time of 2–3 years, the disease inevitably reverts into a more aggressive form 
called castration‐resistant prostate cancer (CRPC) [145]. 

CRPC is associated with a poor prognosis and mean survival time of only 16–18 
months and the 5-year relative survival rate for metastatic PCa patients is only 
28%, while it is 99% for patients with localized disease [146–148]. In fact, over 
the past decade it has been found that most CRPC patients possess high levels of 
AR and AR target gene expression, including PSA [149]. Studies demonstrate 
that intratumoral androgens do not change significantly, and those levels are 
enough to activate AR growth-signaling pathways, suggesting that, in a resistant 
tumor microenvironment, tumors have the ability to make local androgens 
[150,151]. Treatment failure is often also caused by lack of control of aggressive 
metastasis of tumor cells to distal sites, notably bone. Other treatment options for 
patients with CRPC include a combination of taxane and corticosteroids 
(decreases inflammation), e.g., Docetaxel and Prednisone [146,147]. In addition 
to docetaxel-based chemotherapy, several new agents with different mechanisms 
of action have shown favorable clinical outcomes in randomized controlled trials 
of CRPC. These agents include the abiraterone acetate, which blocks the activity 
of the enzyme P450 CYP17 [152]; the new taxane, cabazitaxel [153]; and the 
immunotherapeutic agent, sipuleucel-T (cancer vaccine) [154].  

 

Figure 5. Model of PCa progression: morphological features of different stages.  
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Although several new strategies to inhibit AR signaling have recently been 
developed, CRPC remains incurable, and better treatments are needed. An 
understanding of the underlying genetic basis of PCa would furthermore increase 
the number of new anticancer drugs under development for the treatment of this 
disease [152]. Within the microenvironment, signaling between tumors cells and 
stroma cells that contribute to cancer growth are emerging as critical therapy 
targets. These agents disrupt the “crosstalk” between epithelial and stroma cells, 
as well as the ECM that is required for cancer progression [155]. Most of the 
cases that cause mortality are skeletal metastases. It is thus mostly the bone 
microenvironment that is being evaluated, even though there is growing evidence 
that high-risk localized PCa cells also acquire osteomimetic, or “bone-like,” 
properties while in the primary and the metastatic environments [151,156].  

Predictive biomarkers 

Although we still are in the phase of one-size-fits-all medicines, the new era of 
personalized medicine, in which tailor-made drugs will treat people based on their 
individual genetic makeup, success will most likely come from early and 
aggressive treatment of high-risk patients with combinations of therapies that are 
tailored to prevent resistance. Ideally, regardless of the type of patient specimen 
being analyzed, predictive biomarkers should be identifiable and even useful in 
some instances as targets for therapy. Currently, clinicians do not routinely assess 
the underlying molecular features (mRNA abundance or copy number alterations 
in primary tissue or blood) of PCa that might lead to enhanced tumor 
aggressiveness, or use this information in decision making [157–161]. Due to the 
fact that cancer rates are increasing every year, new technologies are being 
applied to detect, manage, and treat cancer according to the patient. 
Consequently, the application of NGS to PCa in recent years has improved our 
understanding of the disease and holds great promise for improving diagnostic 
[162]. A major impediment to this precision-medicine approach is the 
heterogeneity of PCa making the identification of tumors and discrimination of 
their differential behaviors very difficult. 
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Figure 6. Diagrams show the zonal anatomy of the prostate in the sagittal plane. The 
prostate is located beneath the bladder and is composed of three distinct zones: the central 
zone (CZ), which contains the ductal tube from the seminal vesicle to where it meets the 
urethra; the peripheral zone (PZ), which is the region from where the vast majority of PIN 
and cancer arises; and the transitional zone (TZ), which is directly below the bladder. 
Benign prostate hyperplasia occurs in this region of the prostate.  

When it comes to tailor-made drugs for PCa, a few key molecular alterations and 
signaling pathways have been identified as potential diagnostic markers: tumor 
suppressor deletions, namely PTEN, RB1, and TP53; TMPRSS2-ERG gene 
fusion; androgen receptor amplification and rearrangements; RTK-Ras-MAPK 
pathway aberrations such as SPINK1, and overexpression and downregulation of 
NKX3-1. The most frequently mutated genes in primary PCa are SPOP, TP53 
and FOXA1 [112,162–166]. ERG and PTEN are the most studied biomarkers for 
PCa, but both these markers show tremendous intratumor heterogeneity [167]. It 
has previously been reported that a three-marker fluorescent in situ hybridization 
(FISH) panel, including AR gene amplification, PTEN deletion, and 
TMPRSS2/ERG rearrangements, has detected a higher prevalence of aberrations 
in castration-resistant or metastatic PCa than in primary prostate tumors [168].  

Up‐regulation of lymphangiogenesis leads to increased risk of metastasis and 
worse prognosis in various types of cancer. The most well‐known and strongest 
regulator of cancer‐related lymphangiogenesis is the vascular endothelial growth 
factor (VEGF). The primary tumors prepare the lymph node microenvironment 
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for tumor invasion by stimuli of VEGF [169]. Only recently has the spectrum of 
epigenetic changes in PCa genomes been explored. Alterations in DNA 
methylation may occur early in tumorigenesis and are the most recurrent events 
in metastatic PCa. Because the stability of tumor DNA exceeds that of RNA, 
DNA methylation‐based biomarkers may prove to be very reliable [4,170]. Thus 
far, however, none of these markers have been translated into clinically relevant 
tests. 

Heterogeneity and multifocality 

To complicate the search for ideal signatures, PCa is generally a multifocal 
disease, with the vast majority of glands at radical prostatectomy containing more 
than one cancer focus. Moreover, it is possible that two clonally distinct foci of 
PCa, with unique molecular features, can lie spatially close to each other, making 
the identification of tumors and discrimination of their differential behaviors and 
aggressiveness very difficult [171]. This heterogeneity exists not only within but 
also between patients [2,172–176].  

Current diagnostic pathways in PCa rely on transrectal ultrasound-guided biopsy 
(TRUS). This step is known to under-sample the prostate since random errors 
occur when this test is conducted without any knowledge of the location of a 
cancer. Approximately 20% of tumors are upgraded on radical prostatectomy 
because of sampling errors. Hence, questions remain as to how to account for the 
multifocality during diagnosis [139]. As a consequence, it is critical to define the 
genetic heterogeneity that exists within a given prostate gland and within each 
identified focus. Advances in multiparametric magnetic resonance imaging 
(mpMRI) have demonstrated an improvement in detection and characterization 
of PCa. MRI-targeted biopsy enables more accurate sample collection, thereby 
allowing greater detection of clinically significant disease with fewer biopsy 
cores [177]. Despite the utility of mpMRI in diagnosis and our increased 
understanding of genetic heterogeneity in PCa, there may be lesions that are 
missed on mpMRI that are in fact high-risk [178]. 

To date, the molecular nature of the different clones within a patient remains 
largely uncharacterized, although some have been investigated at whole-genome 
resolution [163,171,174–176,179–183]. All the authors above confirmed that 
information from a single biopsy is not sufficient for guiding treatment options. 
The genomics of PCa have been more difficult to study in comparison with some 
other cancers for other reasons as well. First, the anatomic location of the prostate 
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gland has made it challenging to obtain samples (unless when performing radical 
prostatectomy) [184]. Second, unlike melanoma and breast cancers, PCa does not 
easily grow in culture [185]. Third, it has been generally difficult to obtain 
samples from advanced disease, although lately due to improved care of men with 
advanced PCa, bone and soft tissues from metastatic biopsies are more available 
for genomic studies [163]. Unbiased genome-wide approaches to characterize the 
individual foci within a patient’s tumor are currently lacking. Moreover, the 
genetic heterogeneity within the adjacent stroma and the normal prostate 
epithelium is also not fully understood [2]. 

Methodologically, to understand heterogeneity in patients, two separate studies 
should be considered; one should include localized tumors for which surgery is 
possible and the second should involve advanced cancer and/or recurrences. In 
the first case, high levels of details of molecular information should be obtained 
to understand what therapy strategy to take and how to avoid recurrence. This 
design should be the main strategy to reduce cancer mortality and introduce early-
stage treatments. For recurrences, cell-free plasma DNA (ctDNA) can be useful 
for a more tailored treatment. Samples before and after applied treatment could 
also be utilized [186]. Taken together, the complexity of ITH is closely related to 
the biology of the tumor and recurrence [115]. Despite the genomic revolution 
during the past decade, PCa remains as a challenge to the implementation of 
personalized medicine, likely caused by its notorious heterogeneous molecular 
profile. This being the case, we need better methods that can give information on 
different tumor clones at the molecular level and their surrounding 
microenvironments, as well as on the heterogeneity of different cell types and 
their interaction with each other. 

Tumor microenvironment heterogeneity 

A normal prostate gland is composed of epithelium-lined prostatic ducts and a 
stroma composed of smooth muscle cells and a small number of fibroblasts, 
endothelial cells and nerves [187]. Over the past decades, the focus in cancer 
research has shifted from the malignant cancer cell itself to the tumor 
microenvironment and the complex interactions that take place within this 
environment. In PCa, the cancer cells are able to induce profound changes in the 
tumor microenvironment in order to develop a progressively altered phenotype, 
with typical stress-condition features such as extracellular matrix (ECM) 
remodeling, enhanced angiogenesis, and inflammatory cell infiltration [165]. 
Immune cells change from an immune-active to an immune-suppressive state and 



	

	

	

	 20	

stromal cells turn into tumor-promoting tissue (reactive stroma) [188,189]. 
Among the immune cells that infiltrate the tumor stroma and are present within 
the tumor microenvironment, selective T and B lymphocyte populations favor or 
suppress tumor growth [190]. Fibroblasts become activated to a cancer-associated 
fibroblast (CAF) phenotype, macrophages switch to tumor-associated 
macrophages (TAMs), and neutrophils switch to tumor-associated neutrophils 
(TANs) [164]. TAMs and TANs are usually pro-tumorigenic. TAMs play a role 
in metastasis and are hence implicated in poor prognosis, while TANs enhance 
angiogenesis and immune suppression [191,192]. Additionally, crosstalk 
between epithelial and stromal PCa cells may promote disease progression by the 
release of soluble growth factors, cytokines and chemokines, supporting new 
blood vessel formation and invasion [193]. This forces the stroma cells to 
collaborate with cancer cells to meet their metabolic requests. The continued 
interplay between cancer and stromal cells generates a positive loop that enables 
cancer cells to survive in a hostile environment [194]. Stromal cells, which 
infiltrate prostate tumors, engage with cancer cells in a complex network of 
relationships that evolve alongside malignant progression and towards a more 
proliferative and invasive phenotype (Figure 7). The cells within the tumor 
microenvironment also vary considerably and the heterogeneity between and 
within patients makes it difficult to prescribe the best treatment plans for each 
patient. Notably, the relationship between tumor cells and stromal cells is 
important not only for understanding the progression of the disease but also for 
the patient prognosis [189,195]. Ayala and his colleagues were the first to develop 
a grading system for reactive stroma in prostate cancer and to show that a higher 
level of reactive stromal response is connected to biochemical recurrence (BCR) 
[196]. Despite the fact that validation is needed, including reactive stroma along 
with Grade Group, the system shows promise in terms of optimizing the 
prognosis of prostate cancer patients. The stroma cells are also considered to be 
drug-sensitive, which could lead to the development of anticancer therapies that 
target stromal elements. 
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Figure 7. Tumor microenvironment during prostate cancer progression. Multiple 
different cell types have been identified in the prostate cancer stroma and have been found 
to participate in the development and progression of the disease.  

Inflammation 

Inflammation comes from the Latin inflammatio, which means fire. It is the 
blood’s defense against harm and infiltration of dangerous substances. No 
inflammation equals no healing. Inflammation plays an important role in 
protecting the body against injury and infection, but it can also contribute to the 
development of serious illnesses such as cancer. The link between chronic 
inflammation and tumorigenesis was first proposed by Rudolf Virchow in 1863 
after the observation that infiltrating leukocytes are a hallmark of tumors [197]. 
Chronic inflammation is a major contributor to tumor initiation, progression, and 
metastasis in multiple cancer types, including PCa [198]. Studies have found that 
80–90% of PCa specimens had signs of immune infiltrate and, further, that high-
grade disease was associated with increased inflammation [199].  

Inflammation is now acknowledged as a hallmark of cancer and several tumor-
associated cells are active players in promoting a pro-inflammatory 
microenvironment, including CAFs and TAMs. TAMs preferentially localize to 
poorly vascularized regions of tumors. This environment promotes the metabolic 
adaptation of TAMs to hypoxia through the activation of hypoxia-inducible factor 
1 (HIF-1) and HIF-2 [200] (Figure 7). Activated macrophages are often classified 
into M1 (classical-activated macrophages) and M2 (alternative-activated 
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macrophages) phenotypes. In general, M1 macrophages foster inflammation 
response against invading pathogens and tumor cells, whereas M2 macrophages 
tend to exert an immune-suppressive phenotype, favoring tissue repair and tumor 
progression. TAMs closely resemble M2 macrophages [197]. To improve anti-
metastatic therapeutic efficacy, there is a need to focus on targeting both 
inflammatory cells and fibroblasts. The idea to “re-educate” M2-polarized 
macrophages and trigger a shift back to anti-tumor phenotype is actually currently 
being investigated clinically [201].   
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FUTURE PERSPECTIVES
 

Oncologists have been trying for decades to find out which cancer patients can 
benefit the most from a specific treatment. However, the success of this 
precision-medicine approach has so far been limited. We are entering a new era 
in which machine learning or artificial intelligence (AI) can come into play. 
More specifically, AI should be able to diagnose and identify cancerous samples 
as accurately as any pathologist. This holds the possibility of eliminating 
variation in the process of cancer diagnosis. The new techniques might also help 
overcome any local shortage of trained pathologists. AI will not fully replace a 
human pathologist because we still need an experienced pathologist to take 
responsibility for the final diagnosis. Instead, it will help pathologists make 
better, faster diagnoses, as well as eliminate the day-to-day variation in the final 
evaluation [202,203]. These new techniques should also offer a faster 
throughput as well as greater consistency in cancer diagnosis from pathologist 
to pathologist, hospital to hospital, and country to country [202,204].  

It can be concluded that the implementation of AI applications in the clinical 
routine holds great promise but will have to pass substantial hurdles. It is likely 
that software tools for predicting diseases will not find their way into clinical 
practice if they result in a substantial additional workload or cannot meet 
necessary demands on data security [204]. AI systems are still slowly learning 
to diagnose disease as well as any human doctor, and they are expected to enter 
the hospitals in a matter of years. One example can be found in London, where 
researchers from Google’s DeepMind, UCL, and Moorfields Eye Hospital have 
used AI to identify dozens of common eye disease [205]. One artificial 
intelligence system has demonstrated a high level of accuracy in diagnosing 
prostate cancer in tissue samples. This AI system, called OncoWatch, was 
developed as part of a study led by Karolinska Institute in Sweden. In addition 
to a near-perfect ability to assign Gleason scores, the AI system determined 
whether a sample contained cancer or not and was able to estimate the length of 
the biopsied tumor [206]. While AI shouldn’t replace human involvement, this 
is another great example that it can be used to ensure that pathologists don’t 
miss some cancers, and to help in standardization of grading. 
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PRESENT INVESTIGATION
 

Impress people you like. Let the others be.      

PCa is among the most common cancer diagnoses in men. While most cases run 
an indolent course without any threat to mortality, many patients present with 
intermediate or high-risk localized, locally advanced, or metastatic cancer and, 
despite treatment, die from the disease. The molecular landscape of PCa has 
been transformed over the last decade by new therapeutics, advanced imaging 
and next-generation sequencing, and better use of existing therapies in early-
stage disease. However, a surge of technological advances and better 
understanding of tumor heterogeneity in PCa are necessary to improve 
prognosis, treatment decisions and identification of new targeted therapies. 

Paper I – Spatial maps of prostate cancer transcriptomes reveal an 
unexplored landscape of heterogeneity 

Researchers’ interest in spatial transcriptomics has exploded lately due to a 
number of reasons. First, with the increase in single-cell sequencing studies and 
Cell Atlas projects that seek to characterize every cell type, there’s an increasing 
interest not only in sequencing and subtyping specific cells, but also in 
understanding where those cells are located. In addition, for applications like 
cancer, spatial information is crucial for understanding tumor heterogeneity. 
The first paper describes the technology and how it can be used to analyze the 
transcriptomes of around 6,000 tissue regions from 12 tissue biopsies of a 
prostate cancer organ. This paper highlights that methods such as spatial 
transcriptomics can be used to increase our understanding of tumor 
heterogeneity and is, to my knowledge, one of the first studies that has applied 
spatial transcriptomics on cancer samples. 

To be able to computationally handle the amount of spatial data, we devised and 
developed a novel probabilistic factor model, spatial transcriptomics 
deconvolution (STD). This method (unsupervised) requires no prior knowledge 
of reference expression data. It seeks to factor the gene expression into spatial 
factor activity maps and gene expression profiles. The factor activity maps 
reflect the amount of mRNA contributed by a given factor in every spot and are 
useful for visual inspection and comparison with morphological features. The 
expression profiles quantify how strongly each gene is expressed in a given 
factor and are thus informative about biological processes (Figure 8). This 
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approach has been the basis for all analysis within the scope of this thesis. By 
utilizing STD, we revealed novel transcriptional profiles associated with healthy 
epithelial cells, pre-cancerous cells (HGPIN), tumor cells, stromal cells, reactive 
stromal cells and immune cells. Many of the molecular “archeological” studies 
of cancer use microdissection methods and these tend to focus on morphological 
entities or patterns of a few single biomarkers (IHC/IH) within a tissue section. 
Our transcriptome-wide analysis obviated these limitations and proved its value 
by identifying distinct gene expression profiles in the tumor microenvironment. 
Within the PCa tumor microenvironment, it is now established that there is 
significant crosstalk between reactive stroma and the tumor that contributes to 
tumor progression and immune responses. The first study demonstrates 
gradients of gene expression in the microenvironment not observed previously, 
in which stroma close to the tumor behave differently compared to stroma 
further away (Figure 8). Additionally, the study illustrates that cancer, reactive 
stroma and inflamed glands are in close proximity to each other, which proved 
the dependency of stromal cells on tumor growth and induction of inflammatory 
reaction, and vice versa (Figure 8).  

 

 

Figure 8. Gradients within the tumor microenvironment. (A) Schematic illustration of 
the probabilistic factor model, spatial transcriptomics deconvolution. The factor output 
activity maps and gene expression profiles. Subsequent, they can be summarized and 
visualized using i.e. t-SNE or UMAP. (B) Visualization (t-SNE) of stroma gradient 
from a PCa tissue section with tumor and inflamed regions.  
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AI aims to mimic and improve on some human cognitive functions. Humans 
can identify patterns and make predictions and decisions based on those 
activities. At the time this study was accepted for publication, it was one of the 
first studies explaining the potential for AI to improve diagnosis. This novel 
method enabled us to show that gene expression patterns appear to precede 
morphological changes and that the tumor area was in fact larger than seen by 
the naked eye of an experienced pathologist (Figure 9). Along these lines, we 
envision that platforms such as ST can be useful in determining areas in 
diseased tissue and how these affect cancer progression at the gene expression 
level even before pathological features and clinical symptoms can be observed. 

Paper II – Spatio-temporal analysis of prostate tumors in situ suggests the 
pre-existence of ADT-resistance 

PCa is a global problem. Worldwide, more than 1.2 million men were diagnosed 
with PCa, and more than 350,000 men died of the disease in 2018. Radiotherapy 
and radical prostatectomy (surgical removal of the prostate organ) is a standard-
of-care treatment for men with localized disease regardless of their 
clinicopathologic risk group. ADT (i.e., LHRH/GnRH analogs or anti-
androgens) has been the standard of care for initial management of advanced or 
metastatic prostate cancer since Huggins and Hodges first introduced the 
concept of androgen-dependence in 1972, but the majority of patients will 
progress to castration-resistant disease within 2-3 years. Indeed, while many 
pathways are believed to contribute to castration-resistance, the androgen 
receptor (AR) remains the most important driver in the development of CRPC. 
Understanding the mechanisms of resistance that cause hormone-naive prostate 
cancer to progress to castration-resistance is the key to developing future 
therapy. 

In Paper II, we sought to identify mechanisms responsible for non-
responsiveness by using core needle biopsies taken before and eight weeks after 
ADT. Post-ADT, in each of the three patients, we detected that pathways related 
to cell migration (regulation of actin cytoskeleton, focal adhesion) were 
activated. Malignant cancer cells utilize their intrinsic migratory ability to 
invade adjacent tissues and the vasculature, and ultimately to metastasize. 
Interestingly, an immune response was induced post-ADT in the non-responsive 
patients, which allows for manipulation of the immune system as a treatment 
option.  
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Figure 9. Cancer region identified using the STD method identified larger cancer region 
than annotated by a pathologist (red circle). Predictive biomarkers such as SPINK1 were 
discovered within the caner region.  

The phenotype of the non-responsive cells resembled that of cells that 
underwent a partial epithelial-mesenchymal transition. We therefore suggest 
that the non-responding cancer cells are situated in the rim to the cancer foci 
emphasizing the importance of the stromal cancer interaction for the evolution 
of resistant phenotype. We distinguish a common pattern of all the non-
responsive clones. They all have upregulated pathways that associate to a partial 
epithelial-mesenchymal-transition. Thus, effort should be spent to find ways to 
stop or reverse the epithelial-mesenchymal-transition and the interplay between 
reactive stroma and cancer foci.  

Nearly five decades after its original conception, the Gleason grading system 
remains a cornerstone in the management of patients with prostate cancer. The 
Gleason score on needle biopsy is an imprecise predictor of the final grade 
following radical prostatectomy. This problem becomes evident when patients 
are reclassified when the pathological status of their radical prostatectomy 
specimen is compared to the first pathological assessment. Research has shown 
that the Gleason score calculated from biopsies can potentially underestimate 
the level of disease. A disadvantage of the current Gleason grading system is the 
considerable interobserver variability, particularly in distinguishing Gleason 
score 6 from 3 + 4 = 7. Characterizing underlying molecular alterations, i.e. 
Gleason patterns 3, 4, and 5, is of potential clinical importance. In Study II, 
heterogeneity within the responding factors was identified as groups of cancer 
cells were separated even though they were annotated with the same Gleason 
score. This suggests that the Gleason grading system could be subcategorized 
into finer groups by performing molecular characterization of tumors (Figure 
10). 
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Figure	10.	Molecular	characterization	of	a	tumor	to	complement	the	Gleason	
grading	system.	A	tumor	annotated	with	a	single	Gleason	score	could	hold	several	
clusters	of	distinct	tumor	cells,	each	possessing	a	unique	gene	expression	profile.		

Paper III –- Automation of spatial transcriptomics library preparation to 
enable rapid and robust insights into spatial organization of tissues 

Next-generation sequencing (NGS) is becoming one of the most widely used 
technologies in the field of genomics. Library preparation of high-quality 
sequencing libraries is one of the most critical, hands-on, and time-consuming 
steps. Although samples can be prepared in parallel, each one must be prepared 
in a different well before they are pooled for sequencing. To scale up the 
process and reduce preparation time, one rational and widely used option is 
automated library preparation using liquid handler/robotic stations. An 
automated system can have significant advantages including increased 
throughput and time-savings while also reducing the scope for human error and 
the incidence of batch effects. Many laboratories already own open liquid 
handling platforms (i.e., Bravo Automated Liquid Handling Platform, Tecan, 
Beckman Coulter, Eppendorf, Hamilton) that can potentially be programmed to 
perform library preparation for NGS at a relatively low cost. 

In 2017, an automated protocol for generating ST libraries on an MBS was 
developed to improve the reproducibility, enable production of more samples, 
and reduce the amount of labor required for library generation. Since production 
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of the MBS has been discontinued, we developed an alternative way of 
automating ST library preparation using the Agilent Bravo Liquid Handling 
Platform, which has been adopted in many laboratories around the world. This 
protocol offers time-savings at multiple steps, takes significantly less time to 
implement than the earlier MBS protocol, and is capable of greater scalability 
while maintaining high technical reproducibility. 

NGS is increasingly utilized for patients with advanced cancer in an effort to 
help guide treatment, especially for tumor types that have the potential for 
targeted therapy options. During prognosis, small biopsy samples, which are a 
few millimeters in size, are taken from the tumor in order to make a 
pathological diagnosis. The quality of RNA from those small tumor biopsy 
samples is unknown. We have shown that the Agilent Bravo Liquid Handling 
Platform achieves high sensitivity even with small amounts of input material.  

Paper IV – A Transcriptome Atlas of a Cross Section of a Multifocal 
Prostate Cancer 

PCa is often multifocal and heterogeneous, and thus presents a challenge in 
identifying regions that are most likely to determine the outcome (Arora et al., 
2004). Intratumor heterogeneity (ITH) in PCa is an extremely important 
phenomenon not only for understanding tumor progression but also for 
determining the clinical course of the diseases. While it may take a considerable 
length of time before we completely understand the true nature of ITH, this does 
not mean we cannot utilize what we already know to enhance current standards 
of care for patients. Subtyping disease according to a given molecular profile 
can lead to the discovery of clinically actionable targets. Unless properly 
addressed, ITH will be an Achilles heel in biomarker discovery and 
personalized medicine. A clear understanding of ITH will come from rigorous 
genomic and transcriptomic studies to obtain a comprehensive picture of the 
extent of ITH, not only at the level of the tumor but also of the surrounding 
tumor microenvironment. 

Prostate biopsies provide predictive pathology information and the standard 
treatment has traditionally been the systematic sextant biopsy described by 
Hodge. However, this method has proven to be inadequate in identifying 
significant tumors [207]. The current standard for the diagnosis of prostate 
cancer is the systematic transrectal ultrasound (TRUS)–guided biopsy with 10 
to 12 biopsy cores.  
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Figure 11. (A) Illustration of differences between standard biopsy scheme and guided 
biopsy using MRI for the diagnosis of prostate cancer. (B) Schematic illustration of the 
molecular view of a whole prostate organ using spatial transcriptomics.  

TRUS is known to be imprecise, with 20% or more of prostate tumors samples 
being scored incorrectly [139]. Because of this diagnostic uncertainty, 
approximately one-third of patients suspected of having cancer must undergo a 
repeat biopsy within five years after the initial biopsy, and high-grade regions 
are often missed. Most recently, mpMRI has emerged as the best modality to 
localize cancer within the prostate, allowing sampling directly from regions of 
the prostate that are most likely to harbor an aggressive tumor. Still, mpMRI 
suffers from heterogeneity and fails to identify all tumor foci [208]. It is 
therefore difficult to set a correct diagnosis due to the risk of missing some 
important lesions. To understand the complex process of prostate cancer 
progression, it is thus beneficial to sequence the entire tumor (Figure 11). 

In the last study, we describe a detailed analysis of an entire prostate to identify 
all regions of prostate cancer harboring—low, intermediate and high-grade 
cancer—and thus mitigate the impact of underdiagnosis (Figure 11). Another 
aim of this study was to perform a spatial transcriptome-wide molecular 
characterization of the stroma-immune subtypes surrounding the different 
cancer clones, thereby investigating molecular characteristics of reactive stroma 
in PCa. We show that both tumor and surrounding prostate tissue contribute 
significantly to features related to aggressive behavior. 

We further hypothesized that spatially distinct tumor foci in a given biopsy core 
may arise from separate clones and sought to determine the extent of the 
multiclonality. Importantly, in this study, we found that the PCa under 
investigation was a very multifocal and heterogeneous cancer with extensive 
heterogeneity even among foci within the same tumor. Analysis revealed as 
much as 10 distinct tumor clones within the prostate organ.  
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Adenocarcinomas of the prostate gland arise within different anatomic zones 
that have varying clinical and molecular characteristics. The vast majority of 
clinically significant PCa arise in the peripheral zone (PZ), which has been 
widely investigated. Transition-zone (TZ) tumors are estimated to comprise up 
to 20% of all prostate tumors, but these tumors have been less extensively 
studied [209]. Furthermore, it is not known if transition-zone cancers are 
biologically different than peripheral cancers. In the last study, we compared TZ 
and PZ prostate cancers and found a unique expression profile corresponding to 
TZ tumors, indicating that PZ and TZ tumors are different (Figure 12). 
Compared to PZ tumors, TZ tumors were not annotated with any Gleason score. 
TZ tumors are more likely to be diagnosed with low-grade diseases (Gleason 
score 3+3). However, approximately 20% of transition-zone tumors progress to 
disease that invades beyond the prostate. Currently, there is no method to 
predict which transition-zone tumors will follow an aggressive course or not. 
Tumor location should be taken into account when stratifying patient risk, and 
methods such as spatial transcriptomics could help map cells from each 
prostatic zone and thereby improve the understanding of what type of cells 
eventually transform the cancer into a lethal disease. 

Figure 12. Description of a transition-zone cancer. (A) p63- and AMACR+ IHC 
staining confirms cancer within the region. (B) Gene expression profile of a transition-
zone cancer identified from ST analysis.   
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CONCLUDING REMARKS
 

Over the past 10 years, there has been an explosion in the use of RNA 
sequencing to provide answers to biologically and clinically related questions. 
The field of transcriptomics is still rapidly growing, and I expect more 
advances to be made. First, while many scRNA-seq studies have employed 
expensive hardware, such as microfluidic and droplet-based platforms, there 
will be reductions in cost by additionally reducing reaction volumes. 
Currently, most of the cost is associated with cDNA library preparation and 
sequencing. Further trends in decreasing sequencing cost and the adoption of 
droplet-based technologies will make analysis of millions of cells feasible. 
The Human Cell Atlas projects, with the goal of profiling all human cells, are 
expected to publish many important studies. The further development of new 
techniques, in which both weekly and moderately expressed genes will not be 
missed, is expected. Also, technologies to capture the mRNA even more 
efficiently will continue to improve, to the extent that perhaps all mRNA 
molecules will be detected. It must also not be forgotten that new combination 
approaches such as proteomics, epigenomics, non-coding RNA species and 
other modalities like the CRISPR-Cas9 will emerge. Given current analytical 
challenges, great advances in bioinformatic approaches will become more 
established. I believe that even more user-friendly and web-browser packages 
will be routinely used by researchers in their daily work. The excitement 
brought by the novel spatial transcriptomics and single-cell profiling platforms 
will certainly bring multiple new answers to the question of how cancers move 
through space and time. Finally, the bridge between academia and clinical 
practice will expand. For example, tumors will routinely be assessed for the 
presence of resistant and rare cells to offer the best possible treatment for each 
individual patient. Developments in artificial intelligence promise to advance 
personalized medicine. In five years’ time, due to even more reductions in 
sequencing costs, just as you get your blood drawn, so too will your genome 
be sequenced. While the future is in many ways uncertain, there is one sure 
thing. The healthcare of today will not be the same as the healthcare of 
tomorrow, and I hope that this future healthcare will be built around the 
individual.             
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ABBREVIATIONS AND TERMINOLOGY
 

PCa: prostate carcinoma 

PSA: prostate-specific antigen 

CAFs: cancer-associated fibroblasts 

CAMs: cancer-associated macrophages 

ADT: androgen deprivation therapy 

Transcriptome: The pattern of gene expression at the level of genetic 
transcription in a specific organism or under specific circumstances in specific 
cells. 

Stroma: The non-neoplastic connective tissue of an organ. 

Tumor microenvironment: The normal cells, molecules, and blood vessels that 
surround and feed a tumor cell. A tumor can change its microenvironment, and 
the microenvironment can affect how a tumor grows and spreads. 
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