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RESUME EN FRANCAIS

Le cancer de la prostate est le deuxieme cancer le plus courant chez les hommes, et plus
de 50 % des cancers de la prostate avancés présentent une fusion TMPRSS2-ERG. Malgre les
vastes données génomiques et transcriptomiques sur le cancer, on en sait peu sur I'impact des
mutations et de la transcription altérée sur les réseaux régulateurs chez les patients atteints de
cancer de la prostate (PCa) individuels. Les études traditionnelles en biologie du cancer se
concentrent souvent sur l'analyse de grands groupes de patients pour identifier les altérations
moléculaires communes et les cibles potentielles pour la thérapie. Bien que cette approche ait
permis des avancees significatives dans le traitement du cancer, elle néglige la diversité
inhérente et I'hétérogénéité presente chez les patients individuels. La biologie de la tumeur de
chaque patient est unique, et il peut y avoir une variation substantielle dans les signatures
moléculaires et les voies qui favorisent la progression du cancer. Cette étude de thése suggere
qu'en adoptant une approche d'analyse en réseau, il devient possible de déméler I'interaction
complexe des genes, des protéines et des voies de signalisation au sein de la tumeur d'un
individu. L'analyse en réseau implique la construction d'une carte compléte des interactions
moléculaires, telles que les interactions protéine-protéine, les réseaux de régulation génique et
les cascades de signalisation, pour obtenir une compréhension globale de la maladie. Cette
approche permet d'identifier les facteurs clés, les nceuds critiques et les cibles thérapeutiques
potentielles spécifiques a chaque patient. Dans cette étude, nous avons utilisé 15 tumeurs (T)
primaires de la prostate ERG-positives non traitées et des tissus normaux (N) appariés
sélectionnés par un pathologiste expert. Les échantillons ont été sélectionnés sur la base de
sections consécutives de la méme biopsie, qui différaient seulement légérement en termes de
cellules tumorales (>80 % de cellules tumorales), tandis que la section des biopsies N de la
méme prostate ne présentait aucune cellule tumorale. De plus, I'immunohistochimie et 'ARN-
Seq (duplicats biologiques) ont confirmé la surexpression de I'ERG par rapport aux
échantillons N appariés, et tous les échantillons ont révélé une augmentation des niveaux de
récepteur des androgenes (AR). Cela a permis une comparaison plus précise entre les tissus

tumoraux et normaux.

Spécifiquement, des échantillons appariés de tissus normaux et tumoraux de patients
ont eté utilisés pour établir les variations somatiques et les profils transcriptomiques
différentiels des cancers de la prostate primaires ERG-positifs. Pour l'identification des
variations somatiques, nous avons realisé un séquencage complet de I'exome et utilisé MuTect2

pour l'appel des variants. Cette analyse a révélé de 49 a 114 mutations dans chaque cancer par
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rapport au tissu normal de la prostate correspondant. De plus, nous avons observé des mutations
spécifiques a chaque patient, précédemment non signalées, ainsi que des mutations classiques
dans tous les échantillons. Les mutations survenant dans des éléments de régulation tels que
les activateurs, ainsi que des facteurs tels que les facteurs de transcription, les modulateurs
épigénétiques et les enzymes, peuvent avoir un impact sur I'expression globale des génes. Pour
intégrer l'influence de ces mutations dans notre analyse en réseau, nous avons realisé un
séquencage de I'ARN total haut débit en mode brin spécifique par extrémités appariées. Nous
avons effectué ce séquencage apres avoir eliminé I'ARN ribosomique des sections de biopsie
T et N appariées, en garantissant la duplication biologique. La présence de ces mutations
génétiques significativement divergentes et les modifications conséquentes des schémas
d'expression génique soulignent I'importance de comprendre les systemes dérégulés complexes

chez chaque patient individuel.

Dans un premier temps, afin d'intégrer les différentes fonctions dysrégulées au sein de
chaque tumeur, nous avons réalisé des analyses d'enrichissement de voies centrées sur le patient
pour les genes différentiellement exprimes specifiques aux tumeurs (TS-DEGSs) a l'aide de
Panther dans I'environnement GeneCodis3. Bien que plusieurs voies étaient communément
dysrégulées dans le cancer de la prostate de plusieurs patients, notamment les voies de
signalisation des cadhérines, Wnt et intégrines, ces analyses ont également démontré que dans
chaque patient, différents ensembles de voies étaient dérégulés. Cette découverte a été
confirmée par l'analyse de 52 patients supplémentaires provenant du dépét TCGA. Afin
d'obtenir une meilleure compréhension de la communication altérée par les dérégulations et
mutations spécifiques aux patients, nous avons reconstruit des réseaux maitres. Nous avons
utilise les données obtenues a partir du séquencage de I'exome et du RNA-sequencing pour
élucider la connectivité entre les génes différentiellement exprimés (DEGS) et les genes mutés,
ainsi que pour identifier les cibles clés dans les voies de signalisation et les réseaux spécifiques
aux patients. Pour construire les réseaux maitres, nous avons intégre les connexions fournies
par des outils validés tels que STRING (pour les interactions protéine-protéine) et CellNet
(pour les génes cibles des facteurs de transcription), puis nous avons visualisé les réseaux a
I'aide de Cytoscape. Au sein de ces réseaux, nous avons analysé certaines voies qui étaient a la
fois significativement affectées et communément dérégulées chez nos patients, puis nous avons
observé que les cibles individuelles dérégulées au sein de ces voies, comme la voie Wnt,
présentaient une variation considerable. Ainsi, il est insuffisant de se fier uniquement a un

inhibiteur général de la voie Wnt, par exemple, car certains facteurs Wnt peuvent déja étre



inhibés tandis que d'autres sont exprimés. Par conséquent, il devient difficile d'identifier une
thérapie unifiée, ce qui souligne I'importance d'un traitement personnalisé pour les patients.
Pour valider nos résultats, nous avons réalisé une analyse de RNA-seq en duplicata et confirmé
plusieurs mutations par séquencage de Sanger. De plus, nous avons effectué une validation in
silico pour recueillir des preuves externes corroborantes de I'exactitude des réseaux de géenes

différentiellement exprimes (DEG).

Etant donné que nous avons effectué un séquencage complet de I'ARN total en double
brin spécifique (Ribo-moins), ce qui nous a permis d'évaluer non seulement les ARNmM mais
tous les ARN non codants, I'étude a également exploré le potentiel de développement de
réseaux de miARN personnalisés pour augmenter la complexité de la réseau. Les miARN
jouent un role central dans la régulation post-transcriptionnelle des genes, car ils se lient a la
région 3' non traduite (UTR) des ARNm cibles, entrainant une dégradation de 'ARNmM ou une
répression traductionnelle. Ce mécanisme de régulation ajoute une couche supplémentaire de
contrdle a I'expression des génes au-dela de la régulation transcriptionnelle. En intégrant les
interactions MiARN-ARNmM dans le réseau, nous avons pu mieux comprendre comment ces
molécules coordonnent collectivement les processus et les voies cellulaires. Cette
compréhension au niveau du systeme aide a déméler les relations complexes et la diaphonie
entre les éléments de codage et de non-codage, conduisant a une vue plus compléte du paysage
réglementaire. Dans cette étude, en identifiant les miARN dérégulés et leurs cibles gréace a la
bioinformatique et en les intégrant dans les réseaux différentiels établis pour chaque patient,
nous avons découvert de grandes différences interindividuelles entre les tissus appariés et les
tumeurs normales adjacentes de la prostate, similaires aux ARNm. A l'aide de ces informations,
nous avons intégré les ARN non codants dérégulés dans des réseaux différentiels globaux
établis pour chaque patient a l'aide d'outils informatiques. Nous avons ensuite effectué une
recherche bioinformatique dans les bases de données correspondantes pour identifier les cibles
des miARN et les localiser dans les réseaux différentiels des patients. Une fois les cibles
définies, nous avons identifié les génes cibles des miARN dérégulés dans les tumeurs. Nous
nous sommes concentrés a la fois sur les miARN surexprimés, dont les cibles étaient régulées
négativement dans les réseaux différentiels, et sur les miARN sous-exprimés, dont les cibles
étaient régulées positivement. Pour explorer les implications fonctionnelles des interactions
miARN-cible identifiées au sein des réseaux différentiels des patients, nous avons effectué des
analyses completes. Nous avons effectué une analyse d'enrichissement fonctionnel sur les

genes cibles des miARN dérégulés a l'aide de la base de données de la voie Panther sur le



serveur Web ShinyGO. Pour mieux comprendre les similitudes et les différences de ces géenes
et voies dérégulés chez les patients, nous avons procedé a un examen plus détaillé des voies
sélectionnées. Etant donné que les voies Wnt étaient couramment dérégulées entre certains
patients, nous avons intégré les DEmIR dans ces réseaux Wnt spécifiques aux patients afin de
mieux comprendre les mécanismes potentiels de ces miARN. L'importance de ces génes réside
dans la possibilité qu'un seul miARN puisse étre responsable de la dérégulation de plusieurs
génes. Au lieu de se concentrer sur chaque gene individuellement, nous pouvons

potentiellement cibler plusieurs genes en nous concentrant sur les miARN.

Aprés avoir identifié des cibles potentielles de miARN et établi des réseaux de
régulation miARN-ARNmM, nous avons procédé a la validation des effets régulateurs des
miARN sur leurs genes cibles par le biais d'essais expérimentaux. Nous avons effectué des
dosages doubles de la luciférase et des dosages RT-PCR a cette fin. Nous nous sommes
concentrés sur deux facteurs de transcription, GATAG et TOXS, car ils jouent un réle crucial
dans la régulation de I'expression génique et ont déja été dérégulés chez plus de deux patients.
Lorsque les miARN ciblent ces facteurs de transcription, leurs niveaux d'expression et leur
activité peuvent étre modulés, influencant ainsi l'activation ou la répression d'autres génes au
sein du réseau de régulation. Par conséquent, les miARN peuvent affecter indirectement
I'expression des génes en aval, entrainant des effets en cascade sur les processus cellulaires et

contribuant potentiellement a la progression du cancer de la prostate.

Pour lancer la validation expérimentale, nous avons cloné les régions 3' UTR de
GATAG et TOX3, qui sont les génes cibles prédits de miR-27a et miR23a dans le vecteur
pmirGlo, respectivement. Ensuite, nous avons co-transfecté ces cibles clonées avec des
mimiques miR-27a et miR-23a dans des lignées cellulaires PC3. En analysant leurs interactions
directes, nous avons confirmé que ces deux génes étaient bien des cibles directes des miARN
respectifs. Pour valider davantage nos résultats, nous avons effectué des analyses RT-PCR pour
examiner la dérégulation d'autres genes cibles suite a la manipulation d'imitateurs ou
d'inhibiteurs de miR-27a et miR-23a. Les résultats de I'analyse ont indiqué que les génes cibles

présentaient une derégulation significative, ce qui confirme davantage nos résultats.

En conséquence, grace a l'intégration de fonctions dérégulées au sein de chaque tumeur,
nous avons identifié des facteurs critiques au sein des réseaux de régulation qui présentent une
dérégulation et peuvent étre ciblés par des médicaments. Ces précieuses informations ont le

potentiel de guider le développement de thérapies personnalisées spécifiquement congues pour



répondre aux besoins uniques de chaque patient. De plus, notre étude s'est penchée sur le
potentiel de création de réseaux de miARN personnalisés et nous avons validé avec succes les
interactions directes entre les miARN et leurs génes cibles. Cette validation renforce notre
compréhension des mécanismes de régulation complexes qui sous-tendent I'expression génique
médiée par les miARN. Dans I'ensemble, ces découvertes contribuent a une compréhension
plus profonde du paysage moléculaire complexe et ouvrent des possibilités pour des
interventions thérapeutiques plus précises et efficaces.
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Chapter I. Prostate cancer epidemiology, pathology, and prognostic factors
1.1 Prostate cancer incidence, mortality, and survival

Worldwide, prostate cancer stands as the second most frequently diagnosed cancer and
ranks as the fifth leading cause of cancer-related mortality in men, with an estimated 1,414,000
newly diagnosed cancer cases and 375,304 deaths in 2020. As the most frequently diagnosed
cancer in 112 countries, prostate cancer is also the leading cause of cancer death in 48
countries®. Prostate cancer incidence and survival in men might be impacted by factors such as
behavior, genetics, family history, and treatment patterns. A better understanding of differences
in incidence and survival by stage, race/ethnicity, and age can improve public health planning
related to screening, treatment, and survivor care®. Since the 1990s, several developed countries
have adopted prostate-specific antigen (PSA) screening, and there have been a number of
countries that have demonstrated a downward trend in prostate cancer mortality rates, such as
the United States of America (USA)®, Canada®!!, the United Kingdom (UK)*, and
Japan®3, Identifying high-risk groups and developing a targeted screening program for them is
an appealing approach since evidence has shown that population-wide PSA testing in general
population screening is beneficial; despite this, the harms are regarded as being heavier than
the benefits due to the possibility of overdiagnosis and overtreatment with PSA testing. For
harms to be reduced, patients must be carefully selected for screening and diagnoses should be

dissociated from treatments®*.
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ASR (World) per 100 000

2685
45.0-68.5
I 323-450

145-32.3 - Not applicable
<14.5 No data

ASR (World) per 100 000

>20.8
14.3-20.8
10.6-14.3

6.0-10.6 - Not applicable
<6.0 No data

Figure 1 A) Estimated age-standardized incidence rates in World in 2020 B) Estimated age-standardized mortality
rates in World in 2020, ASR = age-standardized rate; IARC = International Agency for Research on Cancer. Source:
GLOBOCAN 2020*

Prostate cancer incidence and mortality vary across regions and populations. According to the
GLOBOCAN 2020 data which estimates cancer incidence and mortality produced by the
International Agency for Research on Cancer, the highest incidence rates are reported in North
America, Oceania, and Northern and Western Europe, while lowest rates are identified in Asia
and North Africa (Figure 1). Differences in incidence and mortality rates across countries can
be attributed to various factors, including potential underdiagnosis and underreporting,
disparities in healthcare access, variations in screening approaches, knowledge and awareness

gaps, and attitudes towards PCa and related screening methods?®.
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1.2 Normal Prostate Anatomy and Histology
1.2.1 Prostate Anatomy

The prostate is a tubulo-alveolar exocrine gland that forms part of the male reproductive
system. It surrounds the neck of a man's bladder and urethra—the tube that carries urine from
the bladder. It normally weighs about 15-20 grams and is shaped like a walnut (Figure 2).
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Figure 2 Anatomy of the male reproductive system *

McNeal JE (1981) conducted detailed studies of the normal and pathologic anatomy of
the prostate and described four basic anatomic zones on the basis of biological and histological
concepts®. There are four major zones within the normal prostate which are labeled as the
peripheral zone (70% of glandular tissue), the central zone (20% of glandular tissue), the
transitional zone (5-10% of glandular tissue) and the periurethral zone. The peripheral zone is
the outermost region of the prostate and encircles the central zone posteroanterior and
represents the most common site in the prostate for developing prostate carcinomas. The central
zone surrounds the ejaculatory ducts posterior to the preprostatic urethra and makes up the
majority of the prostatic base. The transition zone is the most central part of the prostate that

circumscribes the distal end of the periprostatic urethra and represents the region where benign
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Figure 3 Schematic illustration of human prostate showing the location of the four zones®

prostatic hyperplasia (BPH) primarily originates. Compared to peripheral zone cancers,
carcinomas that originate in the transition zone have been suggested to be of lower malignant
potential. The fourth part of the prostatic urethra that is not enclosed within the peripheral zone

is covered by the anterior myoelastic/fibromuscular stroma®.
1.2.2 Prostate Histology

Prostate histology is closely tied to the structural and functional aspects of the gland, as
demonstrated by the unique characteristics of each of the four zones of the prostate. The
prostate is composed of branching glands, with ducts that are lined with luminal epithelial cells,
basal cells and neuroendocrine cells!®. Luminal cells are specialized cells that represent the
major cell type in the gland, are androgen-dependent for growth and secrete a variety of
products like prostatic acid phosphatase (PAP), PSA and human kallikrein-2 into the lumen,
which contribute to the formation of the seminal fluid*’. Basal cells are adjacent to the basement
membrane and have oval nuclei. These low, cubic epithelial cells have low expression of
androgen receptor (AR) and are believed to contain the stem cell population for the epithelial
prostate cells. The presence of these cells can generally be identified by careful inspection of
H&E (hematoxylin and eosin) sections, but easier identification is possible with
immunohistochemistry for nuclear p63 (nuclear) and high-molecular cytokeratins
(cytoplasmic)®. The third epithelial cell type found in the prostate is neuroendocrine, which
cannot be reliably identified in H&E sections but can be detected by immunohistochemistry by

neuroendocrine markers such as chromogranin and synaptophysin immunostains®. They do
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Figure 4 Normal histology of the prostate’
not express AR and their role is not fully understood. Surrounding the gland is a stroma that
includes abundant smooth muscle cells mixed with fibroblasts, endothelial cells, dendritic cells,

nerve cells, and inflammatory infiltrates. No adipose tissue is present in the prostate.

1.3  Prostate Pathology
1.3.1 Benign Prostatic Hyperplasia

BPH leads to an increase in the number of epithelial cells in the prostate glands. This
proliferation often results in the formation of nodules or glandular hyperplasia within the gland,
which is accompanied by changes in the surrounding stroma. The stromal cells undergo
hypertrophy and hyperplasia, contributing to the overall enlargement of the prostate gland, and
that causes urinary symptoms such as difficulty starting or stopping the flow of urine, a weak
urine stream, or the need to urinate more frequently, especially at night®8. The exact cause of
BPH is not well understood, but it is thought to be related to changes in hormone levels that
occur as men age. The prevalence of BPH increases with age, and it is estimated that
approximately 50% of men in their 60s and up to 90% of men in their 70s and 80s have some
degree of BPH'®. BPH is not a cancerous condition, and it does not increase the risk of prostate
cancer®, Treatment for BPH includes conservative management with lifestyle advice initially
where appropriate, before progressing to medical treatment and/or surgery if required. The
medications include alpha blockers, which relax the muscles in the prostate and bladder neck
to improve urine flow, and 5-alpha reductase inhibitors, which shrink the prostate by blocking
the production of a hormone that can cause the prostate to enlarge®’. Surgery is another option
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for treating BPH. One common surgical procedure is transurethral resection of the prostate
(TURP), which involves removing excess prostate tissue through the urethra. Other surgical
options include open prostatectomy, in which an incision is made in the lower abdomen to
remove the excess prostate tissue, and prostate artery embolization, in which the blood supply
to the prostate is blocked to shrink the gland??. The choice of treatment for BPH will depend
on the severity of the symptoms and the size of the prostate.

1.3.2 High-grade Prostatic Intraepithelial Neoplasia

High-grade prostatic intraepithelial neoplasia (HGPIN) is a type of precancerous lesion
that is found in the prostate gland. It is characterized by abnormal growth and changes in the
cells of the prostate gland, specifically in the prostate epithelium?>?*, HGPIN is characterized
by increased proliferation of luminal epithelial cells, with the basal cell layer being partially or
completely preserved, but without invasion into the surrounding stroma?. Similar to prostate
cancer, HGPIN is most commonly identified in the peripheral zone and can be multifocal.
HGPIN is considered a precancerous condition because it can progress to prostate cancer in
some cases?®?’. The prevalence of HGPIN increases with age and it does not cause an elevation
of serum PSA levels?®. The diagnosis of HGPIN in prostate biopsies is clinically significant as
it increases the likelihood of detecting prostate carcinoma in subsequent rebiopsies. Patients
with HGPIN in three or more biopsy sites, despite an initially negative prostate biopsy, are
recommended to have a repeat biopsy?®. The extent of HGPIN is a strong predictor of cancer
in subsequent biopsies®. Therefore, it is crucial to recognize HGPIN as it is closely associated

with prostate carcinoma.

1.3.3 Atypical Small Acinar Proliferation

Atypical small acinar proliferation (ASAP) is a condition that affects the prostate gland
and is characterized by the presence of small, atypical glands in the prostate tissue®l. The
significance of ASAP in pathological reports is that it indicates the presence of abnormal or
atypical glands in the prostate tissue, which can be a precursor to prostate cancer.
Approximately 5% of prostate needle biopsies reveal the presence of ASAP, and previous
studies have shown that 30-50% of patients initially diagnosed with ASAP progress to prostate
cancer on subsequent biopsies®>%. Therefore, the detection of ASAP on a prostate biopsy is

typically concerning and requires further monitoring and follow-up.
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1.3.4 Prostate Cancer

Prostate acinar adenocarcinoma is the most common form of prostate cancer,
accounting for over 90% of all cases. It typically originates in the peripheral zone of the
prostate, although it can also occur in the central and transitional zones, albeit less frequently.
Histologically, acinar adenocarcinoma is characterized by the presence of enlarged nuclei with
prominent nucleoli, luminal mucin, crystalloids, and amorphous eosinophilic secretions. The
absence of basal cells is also a key feature of acinar adenocarcinoma. Additional characteristics

may include glomerulation, mucinous fibroplasia, and perineural invasion®*.

The remaining 5-10% of prostate cancers are non-acinar types, which include various
subtypes such as ductal adenocarcinoma, sarcomatoid carcinoma, squamous cell carcinoma,
adenosquamous carcinoma, transitional cell carcinoma, small cell carcinoma, basal cell
carcinoma, and clear cell carcinoma. Each subtype exhibits distinct histological and clinical

features, and varies in incidence and prognosis®*.

1.4 Prostate Cancer Risk Factors

Like all types of cancer, the exact cause of prostate cancer is not easy to determine. In
many cases, multiple factors may be involved, including genetics and exposure to
environmental toxins, like certain chemicals or radiation. One of the primary risk factors may
be obesity, as obese men have been found to have a 34% higher death rate from prostate cancer

than normal-weight men®,

There are, however, several non-modifiable risk factors have been identified that are
thought to increase the probability of developing prostate cancer.

1.4.1 Age

Numerous studies have explored the correlation between age and the risk of developing
prostate cancer. Prostate cancer is uncommon in men younger than 45, but becomes more
common with advancing age. Cancer statistics indicate that the risk of prostate cancer increases
exponentially with age, with the most substantial increase in risk occurring after the age of 50.
The risk of prostate cancer is 5 times higher in men over the age of 60 compared to men under
the age of 60%. According to the American Cancer Society, the incidence rate of prostate
cancer among men under the age of 49 in the United States is 1 in 451. However, this rate

increases to 1 in 55 among men between the ages of 50-59 and further elevates to 1 in 20 among
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men aged between 60-69. It is noteworthy that a significant proportion of prostate cancer cases

are diagnosed in men above 65 years of age®.
1.4.2 Ethnicity

Cancer occurrence and outcomes vary considerably between racial and ethnic groups,
largely because of inequalities in wealth that lead to differences in risk factor exposures
and barriers to high-quality cancer prevention, early detection, and treatment®’. According
to the American Cancer Society, African American men are more than twice as likely to
develop prostate cancer and 2.5 times more likely to die from it compared to white men. In
contrast, Asian and Hispanic men have a lower incidence rate of prostate cancer®. Similar

trends are also observed in UK?8,

1.4.3 Genetic Factors

Genetics may affect risk, as suggested by associations with race, family, and specific
gene variants. Having a father or brother with prostate cancer more than doubles a man's risk
of developing the disease. The risk is even higher for men who have multiple family members
with prostate cancer, especially if their relatives were diagnosed at a young age. Additionally,
men of African descent are more likely to have a family history of prostate cancer, which may
partially explain the higher incidence rate of prostate cancer among African American men®°.
Twin studies in Scandinavia suggest that 58% of prostate cancer risk can be explained by
inherited factors*.

As of 2018, genome-wide association studies (GWAS) has identified 63 susceptibility
loci for prostate cancer, which are regions of the genome that are associated with an increased
risk of developing prostate cancer*’. Although the majority of these variations have low
prevalence, when combined, they account for approximately 30% of hereditary prostate cancer
risk?2. One of the most well-established susceptibility loci for prostate cancer is located on
chromosome 8q24*3*4, This region contains several genes, including POU5F1P1, originally
thought to be a pseudogene, that can encode a functional protein that contributes to
carcinogenesis through its role as a weak transcriptional activator®. Another gene in proximity
to this region is MYC, a proto-oncogene frequently disrupted in various cancers*4’. In another
study, interactions between the 8924 locus and genes involved in the Wnt signaling pathway
have also been observed, suggesting that certain risk single nucleotide polymorphisms (SNPs)
may affect the expression of multiple genes and influence several cell signaling pathways*.

Other susceptibility loci identified by GWAS include those located on chromosomes 10g11.23,
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1712, and 19q13.33, among others. These variants have been associated with an increased
risk of prostate cancer, and the genes located in these regions, such as MSMB, HNF1B, and
KLK3, are known biomarkers for prostate cancer progression®-2, In addition, the BRCA1 and
BRCAZ2 genes, which are well recognized for their role in increased breast cancer risk, are also
associated with an increased incidence of prostate cancer. It is estimated that 2% of men
diagnosed with early-onset prostate cancer have a BRCA2 mutation, compared to 1 in 300 in
the general population®*%4 Germline BRCA2 mutations are associated with an 8.6-fold
increased risk of developing prostate cancer at age 65 or earlier, while germline BRCA1
mutations are associated with a more modest 3.75-fold increased risk®>°. Men with a BRCA2
mutation and an elevated PSA were found to have 48% prostate cancer at subsequent biopsy
and were more likely to have intermediate- or high-risk disease, suggesting that targeted PSA

screening is likely to be beneficial in this population®’.

Biomarkers are defined characteristics that are measured to indicate normal biological
processes, pathologic processes, or responses to exposure or treatment®. In the past decades,
PSA was the only widely-used serum biomarker for prostate cancer. However, this has led to
an increase in over-diagnosis and over-treatment of prostate cancer®. Consequently, there has
been a push toward identifying new biomarkers for prostate cancer that can be used in
combination with PSA testing. However, in 2005, the TMPRSS2-ERG (The transmembrane
protease serine 2 : v-ets erythroblastosis virus E26 oncogene homolog) gene fusion has been
identified as a promising biomarker for prostate cancer, as it has been found to be present in
55% of prostate cancer cases, as determined by cancer outlier profile analysis®. This gene
fusion is the result of a chromosomal rearrangement that brings together the androgen-
regulated TMPRSS2 gene promoter and ERG genes, leading to the formation of a new
oncogenic protein that promotes prostate cancer development and progression®:. The
TMPRSS2 gene encodes a protein belonging to the serine protease family, which functions in
prostate carcinogenesis and relies on gene fusion with ETS transcription factors, such as
ERG®. ERG, on the other hand, is an oncogene that encodes a member of the erythroblast
transformation-specific family of transcription factors, which is a key regulator of cell
proliferation,  differentiation, angiogenesis, inflammation and apoptosis®®. The
TMPRSS2:ERG gene fusion is the most frequent genomic alteration found in prostate cancer
cases and results in the overexpression of the ERG transcription factor, which has been

observed in both early- and late-stage prostate cancer®®%4, This genetic alteration leads to the
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activation of ERG gene, which in turn drives the growth and proliferation of prostate cancer

cells, resulting in more aggressive and invasive tumors.

Numerous studies have evaluated the significance of TMPRSS2-ERG in prostate
cancer patients with varying results and they demonstrated that TMPRSS2-ERG fusion was
associated with an increased risk of prostate cancer mortality®-’. In this study, we analyzed
the expression pattern of the TMPRSS2-ERG fusion gene in human pan-cancers, including

prostate cancer, by using the publically available data from cBioPortal. Among prostate cancer
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Figure 5 Alteration frequency analysis of TMPRSS2 and ERG gene in human cancers using cBioPortal. The
alteration frequencies of TMPRSS2 and ERG across 32 cancer studies (TCGA PanCancer Atlas Studies). Structural
variant (gene fusion) is the highest for both gene in prostate cancer patients. The red bars indicate gene
amplification, blue bars are deep deletions, green bars are mutations, gray bars are multiple alterations and purple
bars indicate structural variant.

studies, the most frequent alteration of TMPRSS2 and ERG was gene fusion (Figure 5).
Amplification, missense mutation and deep deletion were less frequently observed. Studies
have shown that TMPRSS2 and ERG were altered in over 45% in prostate cancers, with
approximately 30% of these alterations being gene fusions. It should also be emphasized that
the activation of the AR serves as a trigger for TMPRSS2:ERG rearrangement. Based on this
evidence, TMPRSS2: ERG fusions are observed more frequently in younger patients who
exhibit elevated AR levels®. Conversely, the expression of TMPRSS2:ERG contributes to the
activation of critical oncogenic pathways, including EZH2 and MYC®2%, The intricate
interplay between TMPRSS2:ERG fusion, AR activation, and downstream pathway activation
underscores the complexity associated with the development and progression of prostate

cancer.
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1.5  Management principles of prostate cancer

In order to determine the presence of prostate cancer, a histological examination of
prostate tissue is typically conducted, most commonly using transrectal ultrasound (TRUS)
guidance. The decision to perform a biopsy should be based on the combination of the results
of the digital rectal examination (DRE), PSA test, and other relevant factors such as the patient's
age, overall health, and family history of prostate cancer. However, it is generally not
recommended to perform a biopsy in patients with a high clinical suspicion of prostate cancer
and evidence of bone metastases, as biopsy is typically used to confirm the diagnosis and the
presence of bone metastases likely indicates the cancer has already spread beyond the prostate.
The Royal College of Pathologists has established guidelines for the reporting of TRUS
biopsies of the prostate in order to standardize practice and provide consistent information to
clinicians’®. These guidelines include recommendations for the reporting of the number and
location of cores obtained, the histological type and grading of the tumor using both the
Gleason grading system and grade group, an estimate of tumor extent, the presence of

perineural invasion, and evidence of extra-prostatic extension’®.

While TRUS biopsy is considered the gold standard for diagnosing prostate cancer, it
carries risks of complications such as bleeding, infection and pain, and it is also prone to
sampling error and has a high rate of detecting clinically insignificant prostate cancer, which
may not require treatment’®. Conversely, magnetic resonance imaging (MRI), a non-invasive
imaging technique utilizing magnetic fields and radio waves, has gained popularity in detecting
prostate cancer due to its ability to provide detailed images of suspicious areas, particularly
high-risk cancers, and its ability to detect areas not visible on TRUS biopsy. Furthermore,
multiparametric MRI (mpMRI) is more specific and less sensitive than TRUS biopsy in
detecting clinically significant prostate cancer’?. The Prostate Imaging-Reporting and Data
System version 2 (PI-RADS v2) is used to score findings on mpMRI and defines standards of
clinical service for mpMRI, including image creation and reporting”. It is estimated that
performing mpMRI before prostate biopsy could reduce the number of TRUS biopsies by up
to 25%47,

It is important to note that while mpMRI has many advantages, inter-observer
variability remains a major limitation, which PI-RADS v2 aims to resolve. A meta-analysis has
shown that this scoring system is highly sensitive and specific for prostate cancer detection

despite moderate inter-observer variability’®’”. PI-RADS v2 scoring has shown a specificity
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and sensitivity of 73% and 95%, respectively, for detection of prostate cancer’®. Therefore, the
National Institute for Clinical Excellence (NICE) is currently considering the use of mpMRI

before TRUS biopsy as a standard of care’. However, in order to enhance the early detection

Biomarker/Test

Components

Sample

Clinical Use

FDA

Type

approved

PSA Kallikrein-3 enzyme Serum | Initial or Repeat Biopsy Yes

PHI (Prostate PSA, fPSA, 2ProPSA Serum | Initial or Repeat Biopsy Yes

Health Index)

4K Score PSA, fPSA, iPSA, kallikrein- | Serum | Initial or Repeat Biopsy No
like peptidase 2 (kK2)

PCA3 Prostate Cancer Antigen-3 | Urinary | Repeat Biopsy Yes
ncRNA

MPS (Mi- PSA + PCA3a + TMPRSS2- | Urinary | Initial or Repeat Biopsy No

Prostate Score) ERG + Serum

SelectMDx Score | mRNA expression levels of | Urinary | Initial Biopsy No
DLX1 and HOXC6

ExoDx Prostate Exosomal mRNA of PCA3 | Urinary | Initial or Repeat Biopsy No

Intelliscore and ERG + SPDEF

Confirm MDx Methylation of GSTPI, APC, | Tissue | Repeat Biopsy No
and RASSF1 genes based

Decipher Microarray-based expression | Tissue | Repeat Biopsy No
of 22 Genes based

Oncotype Dx Gene expression analysis of | Tissue | Repeat Biopsy No
7 genes (12 cancer specific based
and 5 housekeeping genes)

Polaris Gene expression analysis of | Tissue | Repeat Biopsy No
46 genes (31 cancer specific | based
and 15 housekeeping genes)

Figure 6 FDA approved and experimental PCa biomarkers and tests

and risk assessment of clinically significant prostate cancer (csPCa), other molecular
biomarkers can also be used alongside PSA and mpMRI to address cases with indeterminate
findings. Serum biomarkers such as the 4K score® and prostate health index (phi)®?, as well as
urine biomarkers like SelectMDx%, ExoDx Prostate Intelliscore®®, Mi-ProstateScore (MPS)24,
and PCa antigen 3 (PCA3)®, can assist in making decisions about initial or repeat biopsies.
Additionally, tissue-based biomarkers such as Confirm MDx®, Decipher®’, Oncotype Dx®,
and Polaris®® can be utilized to assess aggressiveness and predict outcomes, particularly in men
with low- or intermediate-risk profiles. These biomarkers are based on gene panels associated
with cancer. The availability of multiple biomarkers has led to the development of personalized
treatment approaches for men with prostate cancer, allowing urologists to make informed
decisions regarding appropriate treatment and predict the risk of recurrence and progression

after localized treatment.
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Cambridge

Prognostic Group Criteria
Gleason score 6 (grade group 1) and PSA less than 10 pg/l and
! Stages T1-T2
Gleason score 3 + 4 =7 (grade group 2) or PSA 10 pg/l to 20 pg/l
? and Stages T1-T2
Gleason score 3 + 4 = 7 (grade group 2) and PSA 10 pg/l to 20 pg/l
3 and Stages T1-T2 or Gleason 4 + 3 =7 (grade group 3) and Stages
T1-12
One of : Gleason score 8 (grade group 4) and PSA more than 20 ng/l
! and Stage T3
Two or more of : Gleason score 8 (grade group 4) and PSA more than
5 20 pg/l and Stage T3 or Gleason score 9 to 10 (grade group 5) or
Stage T4

Figure 7 Risk stratification for people with localised or locally advanced prostate cancer. NICE recommends
using the serum PSA, Gleason score, and clinical stage at diagnosis to assign a risk category to men with
localized or locally advanced prostate cancer. This can help clinicians decide on the most appropriate treatment
for the patient.

In addition to these diagnostic steps, the cancer tissue that is obtained during the biopsy
is also evaluated by a pathologist using the Gleason Grading system, which gives a score of 2-
10, indicating the aggressiveness of the cancer®. The score is based on how closely the cancer
cells resemble normal cells and how abnormal they appear under a microscope. This
information is used to classify the cancer into a grade group (1-5) which helps to determine the
prognosis and the treatment plan. Once the diagnosis of prostate cancer is confirmed, the stage
of the cancer is determined. Determining the stage of prostate cancer is crucial in understanding
the prognosis and determining the most appropriate treatment options. The TNM system, which
stands for Tumor, Node, and Metastasis, is widely used and categorizes the cancer based on
the size of the tumor, the involvement of lymph nodes and the presence of metastases’®. The
TNM system is divided into 4 stages, with T1 and T2 indicating that the cancer is confined to
the prostate, while T3 and T4 indicating that the cancer has spread beyond the prostate.
Understanding the stage of the cancer is essential in making informed decisions about the

patient's treatment plan.

28



1.6 Management of prostate cancer

As | mentioned above, management for prostate cancer depend largely on the stage of
the disease, the Gleason score, and the PSA level, expression of relevant biomarkers, as well
as the patient's overall health and preferences. Patients with localized or early-stage cancer are
typically offered curative treatments such as surgery or radiation therapy, while patients with
advanced or metastatic cancer are typically offered palliative treatments such as hormone

therapy or chemotherapy.

The Treatment Landscape of Prostate Cancer
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Figure 8 The prostate cancer progression and the corresponding treatments. Prostate cancer can be treated with
surgery or radiotherapy for localized tumors. For advanced prostate cancer, androgen deprivation therapy (ADT)
is the primary treatment. Castration-resistant prostate cancer can be initially treated with antiandrogens such as
enzalutamide, abiraterone, or immunotherapy agents such as Sipuleucel-T. If the disease progresses further,
docetaxel and cabazitaxel can be added to the treatment, along with abiraterone and enzalutamide if they haven't
been used previously. Other targeted therapies such as olaparib and rucaparib may also be used. This figure was
created using BioRender.com

Metastatic

1.6.1 Active Surveillance

Active surveillance also referred to as "watchful waiting" is a treatment strategy for
men diagnosed with low-risk prostate cancer. This approach involves regular monitoring
through PSA blood tests and prostate biopsies. The goal of active surveillance is to closely
observe the progression of cancer and delay or avoid the use of more aggressive treatments that
may have significant side effects. It is typically recommended for patients with early-stage
prostate cancer that is asymptomatic and unlikely to progress rapidly. During active

surveillance, patients undergo regular follow-up examinations to assess any changes in their
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cancer status. Approximately one-third of men who choose active surveillance may eventually
show signs of tumor progression and may need to initiate treatment within three years®. A
study conducted in 2011 suggested that active surveillance is the best option for older 'low-

risk’ patients®.
1.6.2 Surgery

Surgical removal of the prostate, known as prostatectomy, is a common treatment
option for early-stage prostate cancer or for cancer that has not responded to radiation therapy.
There are different techniques used for prostatectomy, including radical prostatectomy, robotic
prostatectomy, and laparoscopic prostatectomy. Radical prostatectomy is the removal of the
entire prostate gland, seminal vesicles and sometimes the lymph nodes. Robotic prostatectomy
and laparoscopic prostatectomy are minimally invasive procedures. Robotic prostatectomy
utilizes a robotic system to assist in the surgical removal of the prostate gland, while
laparoscopic prostatectomy involves small incisions and the use of a camera to guide the
removal of the prostate gland. The decision to undergo a prostatectomy is based on several
factors, including the stage and grade of the cancer, as well as the patient's overall health and
preferences. In general, prostatectomy is recommended for men with early-stage prostate
cancer that has not spread beyond the prostate gland®. It's important to note that prostatectomy
may carry certain risks and potential side effects. Nerve damage during the procedure can lead
to changes in quality of life for prostate cancer survivors. Additionally, common side effects
of prostatectomy include urinary incontinence and erectile dysfunction, which can be

temporary or permanent®,

1.6.3 Radiation therapy

Radiation therapy, also known as radiotherapy, is a commonly used treatment for
prostate cancer across all stages. It can be employed as an alternative to surgery or as a follow-
up treatment if surgery was not successful in curing the cancer. The aim of radiation therapy is
to destroy cancer cells using high-energy beams such as X-rays or protons. There are two main
types of radiation therapy for prostate cancer : brachytherapy and external beam radiation
therapy (EBRT). Brachytherapy, also known as internal radiation therapy, involves the
insertion of small radioactive seeds directly into the prostate gland. These seeds emit radiation
to destroy cancer cells within the prostate. Brachytherapy is recommended for patients with
low to intermediate-risk localized disease *°. There are two main types of brachytherapy : low
dose rate (LDR) and high dose rate (HDR). LDR brachytherapy involves the permanent
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implantation of small radioactive seeds, typically made of iodine-125 or palladium-103, into
the prostate, while HDR is a temporary form of brachytherapy, where a small radioactive
source, typically made of iridium-192, is injected into the prostate for a short time, typically a
few minutes. In LDR, the seeds remain in the prostate permanently and emit low levels of
radiation over time. One study suggested that LDR brachytherapy may even be effective in
controlling high-risk localized prostate cancer and may benefit patients who cannot tolerate

radical prostatectomy or EBRT®.

EBRT can be offered to all patients with localized and locally advanced prostate cancer.
During EBRT, high-energy X-rays are delivered to the prostate gland from a machine called a
linear accelerator. The X-rays kill the cancer cells while minimizing damage to surrounding
healthy tissue. EBRT is typically administered on an outpatient basis, five days a week for
several weeks, with each treatment sessions usually last around 15-30 minutes. Although
radical radiotherapy is an effective treatment option for prostate cancer, it is associated with a
number of possible side effects and complications. These may include urinary and bowel

problems, sexual dysfunction, skin irritation and radiation-induced bowel cancer®.

1.6.4 High-intensity focused ultrasound and cryotherapy

High-intensity focused ultrasound (HIFU) is a type of non-invasive, image-guided
therapy used to treat prostate cancer. It utilizes high-energy ultrasound waves to selectively
target and destroy cancerous tissue in the prostate gland. HIFU is performed by inserting a
probe into the rectum and directing the ultrasound waves towards the prostate. High-energy
ultrasound waves are then directed at the prostate gland, raising the temperature to over 100
degrees Celsius and destroying the cancerous tissue®’. The procedure is guided by real-time
imaging, such as ultrasound or MRI, to precisely target the cancerous areas while sparing
surrounding healthy tissue. Whilst HIFU have shown promising results in the management of
localised prostate cancer®®%, it should not be seen as a replacement for traditional treatments
such as surgery or radiation therapy but rather as a primary option for well-differentiated,
monofocal prostate cancer. By using HIFU first, patients may be able to postpone the need for
more invasive treatments that carry a higher risk of genitourinary side effects, allowing them
to live without such side effects for a longer period of time'®. One of the advantages of HIFU
is its non-invasive nature, which means it does not involve surgical incisions or radiation
exposure. This results in minimal blood loss, reduced pain, and faster recovery times compared

to traditional treatments. Additionally, HIFU may offer a lower risk of certain side effects such
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as urinary incontinence and erectile dysfunction, although further research is needed to fully

understand its long-term outcomes and side effect profile.

1.6.5 Hormonal Therapy

Hormonal therapy, also known as ADT, is a treatment option for prostate cancer that
aims to reduce the levels of androgens in the body. Surgical castration (orchiectomy) or medical
castration is used in hormonal therapy to block prostate cancer cells from getting
dihydrotestosterone (DHT), a hormone produced in the prostate and required for the growth
and spread of most prostate cancer cells'®. However, hormonal therapy rarely cures prostate
cancer because cancers that initially respond to hormonal therapy typically become resistant
after one to two years. Hormonal therapy is, therefore, usually used in combination with
radiation therapy or surgery, or as a standalone treatment for advanced or metastatic prostate

cancer 192,

Orchiectomy involves the surgical removal of the testicles. By removing the testicles,
the production of androgens is significantly reduced, which can help slow the progression of
the disease. Orchiectomy is considered the gold standard of treatment and have benefits such

as cost savings compared to medical castration even if it is an irreversible procedure 1%,

Luteinizing hormone-releasing hormone (LHRH) agonists and antagonists were also
among the first therapies developed to reduce androgen signaling in PCa!%. LHRH agonists
downregulate the gonadotrophin releasing hormone (GnRH) receptors in the pituitary,
producing a hypogonadal effect by reducing the secretion of luteinising hormone (LH) and
follicle stimulating hormone (FSH), and subsequently reducing androgen levels!®. LHRH
agonists, such as leuprolide and goserelin, work by mimicking GnRH and binding to GnRH
receptors on the pituitary gland, thereby stimulating the release of LH and FSH. This results in
an initial surge of testosterone and estrogen, followed by a decrease in their production, as the
negative feedback loop is activated. On the other hand, LHRH antagonists, such as degarelix,
work by binding to the LHRH receptor and blocking the action of LHRH. This leads to an
immediate decrease in LH and testosterone levels, without the initial surge seen with LHRH
agonists. Both LHRH agonists and antagonists can be effective in the treatment of prostate
cancer, but they may cause side effects, such as hot flashes, decreased libido, erectile
dysfunction, and bone loss'%,

Anti-androgens are another type of hormonal therapy that act peripherally to reduce the
effect of endogenous androgens by competitively binding to the AR. There are two types of

32



anti-androgen therapy : non-steroidal anti-androgens, such as bicalutamide and flutamide, and
steroidal anti-androgens, such as cyproterone acetate and megestrol acetate. Non-steroidal anti-
androgens work by blocking the androgen receptor in prostate cancer cells, while steroidal anti-
androgens work by blocking the production of androgens in the testes and adrenal glands. Anti-
androgen therapy is often used in combination with LHRH agonists or antagonists to achieve
maximum androgen deprivation'?”. This combination therapy is known as total androgen
blockade (TAB), aims to maximize androgen deprivation and improve treatment outcomes in

prostate cancer patients.

However, despite hormonal therapy, disease progression may occur, leading to the
development of castration-resistant prostate cancer (CRPC). CRPC has a poor prognosis, and
treatment options for this stage of prostate cancer may include other targeted therapies,
immunotherapy, chemotherapy, or radiopharmaceuticals. CRPC typically emerges after 2-3
years of ADT and is characterized with a poor prognosis and a median survival time ranging
from 9-30 months®%,

1.6.6 Chemotherapy

Chemotherapy is a systemic treatment option for advanced prostate cancer that has
spread beyond the prostate gland and has become resistant to hormone therapy*®. It involves
the use of drugs that are designed to kill or slow down the growth of cancer cells. Docetaxel
and cabazitaxel are the two main chemotherapy drugs used for prostate cancer, with both
showing improved overall survival rates and quality of life in clinical trials. Docetaxel is
usually administered in combination with a corticosteroid, such as prednisone. This
combination has become the standard first-line chemotherapy regimen for mCRPC. Studies
have also shown that initiating docetaxel treatment along with ADT at an early stage of
hormone-sensitive metastatic prostate cancer can lead to improved overall survival and
decreased time to disease progression*'®. As per the current recommendation, men presenting
with metastatic disease should be offered a combined treatment of ADT and docetaxel as the
first-line therapy, provided their physical fitness is appropriate for receiving this treatment!*,
Cabazitaxel, on the other hand, is a semisynthetic tubulin-binding taxane drug that was
developed after the emergence of resistance with other taxanes'*2. Docetaxel has been the
primary chemotherapy for prostate cancer, while cabazitaxel is used as second-line therapy

when resistance is observed with other taxanes.
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Chemotherapy is typically administered in cycles, with a combination of drugs given
over a specific period, followed by a rest period. The treatment duration and frequency depend
on the specific chemotherapy regimen and the individual patient's response. While
chemotherapy can be effective in treating advanced prostate cancer, it can also cause side
effects, including nausea, fatigue, hair loss, and increased susceptibility to infections. These
side effects can vary in severity and can be managed or mitigated with supportive care

measurest®®.

1.6.7 Immunotherapy

Immunotherapy is a treatment that stimulates the patient's immune system to recognize
and attack cancer cells. Immunotherapy has emerged as a promising approach for treating
prostate cancer. One type of immunotherapy called Sipuleucel-T (Provenge), a cancer vaccine
that stimulates ex vivo antigen presenting cells, is the only FDA-approved treatment for
advanced prostate cancer. Sipuleucel-T is an autologous cellular immunotherapy that consists
of collecting a patient's peripheral blood mononuclear cells (PBMCs), which include antigen-
presenting cells such as dendritic cells, processing them in a laboratory to activate them against
a fusion protein composed of PAP and granulocyte-macrophage colony-stimulating factor
(GM-CSF), and then re-infusing them back into the patient*'. It was approved by the FDA in
2010 for the treatment of asymptomatic or minimally symptomatic metastatic castrate-resistant
prostate cancer but not licensed for use in Europe.

More recently, the FDA approved another immunotherapy called Pembrolizumab
(Keytruda) for patients with metastatic prostate cancer with certain genetic mutations,
specifically in patients with microsatellite instability-high (MSI-H) or mismatch repair
deficient (dAMMR) tumors. MSI-H and dMMR tumors have a high mutational burden and are
associated with increased neoantigen expression, which can stimulate an immune response®*,
Pembrolizumab (Keytruda) is a monoclonal antibody that targets the programmed cell death
protein 1 (PD-1) receptor on T-cells. PD-1 is a checkpoint receptor that regulates T-cell
activation and function. Cancer cells can exploit this checkpoint to evade the immune system
by expressing ligands that interact with PD-1 and suppress T-cell activity. By blocking the
interaction between PD-1 and its ligands, Pembrolizumab releases the brake on the immune
system, enhancing the ability of T-cells to recognize and attack cancer cells. The EMA
approved Pembrolizumab in 2021 for the treatment of adult patients with mCRPC who have

received chemotherapy in combination with docetaxel. The approval was based on results from
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the KEYNOTE-199 clinical trial, which showed that Pembrolizumab improved overall
survival in patients with mCRPC1,

While there is great enthusiasm for immunotherapeutic approaches in prostate cancer,
monotherapy with immunotherapeutic may not result in significant clinical benefits. However,
combination strategies that leverage the synergistic effects of multiple therapies hold more
promise and offer a reason for optimism. For example, a Phase II clinical trial (KEYNOTE-
365) evaluated the combination of Pembrolizumab with Enzalutamide in patients with mCRPC
and showed promising results, with an overall response rate of 18.5% and a median duration
of response of 16.6 months'®. Another Phase Il trial (Checkmate 650) evaluated the
combination of Nivolumab and Ipilimumab in mCRPC patients and showed a higher overall
response rate (25%) and longer progression-free survival compared to monotherapy with

Nivolumab!?’,

Similarly, combining immunotherapy with radiation therapy has shown promise in
preclinical and clinical studies. Radiation can induce immunogenic cell death and increase the
expression of immune checkpoint molecules on cancer cells, making them more susceptible to
checkpoint inhibitor therapy8. In a Phase I/11 trial, patients with metastatic castration-resistant
prostate cancer who received a combination of Ipilimumab and radiation therapy had a higher
rate of PSA response and longer progression-free survival compared to those who received

radiation therapy alone!?®,

1.6.8 Targeted Therapy

Targeted therapy is another treatment option for prostate cancer that involves using
drugs to specifically target molecules or pathways involved in the growth and spread of
cancer cells. For example, drugs that target the AR pathway, such as enzalutamide'?° and
abiraterone!?!, have been approved for the treatment of mMCRPC. This is because ADT, which
reduces the levels of androgens in the body, is an effective treatment for prostate cancer, but
many patients eventually develop resistance to this therapy and their cancer progresses.
Targeted therapy aims to overcome this resistance by targeting the AR signaling pathway
using drugs that block the AR or inhibit its activity 22, Enzalutamide is a nonsteroidal
antiandrogen that blocks the binding of androgens to the AR, while abiraterone acetate

inhibits the production of androgens in the body.

Other targeted therapies being studied for prostate cancer include poly(ADP-ribose)
polymerase (PARP) inhibitors, PI3K inhibitors, and CDK inhibitors. PARP inhibitors target
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PARP family of enzymes, which play a critical role in DNA repair, particularly in the repair
of single-strand DNA breaks (SSBs). PARP inhibitors work by inhibiting the activity of
PARP enzymes, which leads to the accumulation of SSBs in cancer cells. When cancer cells
with SSBs attempt to replicate their DNA, the SSBs are converted into double-strand DNA
breaks (DSBs), which are more difficult to repair. This results in the accumulation of DNA
damage and ultimately leads to cancer cell death?®, PARP inhibitors are particularly effective
in cancer cells with defects in homologous recombination (HR) DNA repair, such as those
with BRCA1/2 mutations. In these cells, PARP inhibition leads to synthetic lethality, where
the combination of PARP inhibition and HR deficiency results in cell death?3, The FDA has
approved Olaparib and Rucaparib for the treatment of mMCRPC in patients with certain genetic

mutations!?*.

Targeted therapies can often be more effective and less toxic than traditional
chemotherapy or radiation therapy by specifically targeting molecules or pathways involved in
cancer growth and spread. FDA-approved targeted therapies for prostate cancer include
Abiraterone!?! and Enzalutamide!?°, which target the androgen receptor pathway, and Radium-
223'% which targets bone metastases. PARP inhibitors such as Olaparib and Rucaparib have
also shown promise as targeted therapies for certain patients with advanced prostate cancer'?4,
However, it is important to carefully consider the individual patient's specific situation and

goals when deciding on a treatment approach for prostate cancer.

1.7  Limitations of Current Therapies and The Need for Personalized Medicine
Approaches

Prostate cancer is a complex disease that arises from the accumulation of genetic
alterations that contribute to its initiation and progression. Current treatment approaches for
prostate cancer, including surgery, radiation therapy, and chemotherapy, are effective in some
cases but have limitations, such as treatment resistance and toxicity. Therefore, there is a
growing need for personalized medicine approaches that consider the unique genetic and
molecular characteristics of each patient's cancer to develop targeted therapies that are more

effective and less toxic.

One of the major limitations of current prostate cancer therapies is the development of
treatment resistance. Resistance to current therapies has been linked to molecular alterations,
such as mutations in the AR gene and activation of alternative signaling pathways. For

example, in CRPC, which develops after ADT, the AR signaling pathway remains active
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despite low levels of androgens. This is often due to overexpression of AR or mutations that
make the receptor insensitive to androgens?®. Similarly, chemotherapy and radiation therapy
can also lead to treatment resistance, making it difficult to achieve long-term remission.
Another limitation of current therapies for prostate cancer is the potential for off-target effects.
Current therapies may not only target cancer cells but also affect normal, healthy cells, leading
to adverse effects. For example, chemotherapy agents such as docetaxel and cabazitaxel have
been shown to cause bone marrow suppression, leading to decreased white blood cell count
and increased risk of infections?”. Radiation therapy can also lead to damage of surrounding
tissues, causing inflammation and fibrosis, which can result in urinary incontinence and rectal
bleeding®?®. Furthermore, current therapies may not be effective in all patients, and predicting
response to treatment can be challenging. While the response to treatment can be often similar
in the majority of patients, some individuals may not respond to the prescribed treatment. This
can lead to delays in finding the right treatment and may result in unnecessary side effects and
decreased quality of life. Because we all exhibit genetic divergence, as evidenced by the
presence of genetic predispositions in diasease, especially in cancer'?®. In addition, tumors
evolve clonally and have heterogeneous intratumoral characteristics at diagnosis. Even the
tumor microenvironment of a single tumor can diverge spatially**°. As emphasized by Mel
Greaves, each cancer is unique and has its own specific history**°. Therefore, there is a need to
develop targeted therapies that overcome treatment resistance by targeting specific molecular

alterations in individual tumors.

In line with this need, genomic testing is one approach to personalized medicine for
prostate cancer that involves identifying genetic mutations and alterations that may be driving
the cancer. This information can be used to develop targeted therapies that specifically target
the altered genes or pathways, thereby increasing treatment efficacy and reducing side effects.
For example, PARP inhibitors have shown promise in prostate cancer patients with BRCA
mutations*?*. Another approach to personalized medicine is the use of biomarkers to predict
response to treatment. For example, PSA levels in the blood can be used to monitor response
to treatment and disease progression. Other biomarkers I mentioned in Figure 6 can also be
used to monitor disease progression and response to treatment. While current therapies for
prostate cancer have limitations, personalized medicine approaches offer new opportunities for
improved treatment outcomes by targeting specific molecular alterations in individual tumors.
By considering the individual characteristics of each patient, including their genetics, tumor
biology, and biomarkers, personalized medicine approaches can improve treatment efficacy
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and reduce side effects. Another advantage of personalized medicine is the ability to monitor
treatment response and adapt therapies accordingly. By integrating liquid biopsy-based
genomics analyses and single-cell/spatial genomics, it becomes possible to track the evolution
of a patient's tumor, identify mechanisms of drug resistance, and make informed decisions
about treatment adjustments. This dynamic approach allows for real-time assessment and

optimization of treatment strategies,leading to the potential improvement of patient outcomes.
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Chapter 1. Gene Regulatory Network Reconstruction to
Guide Personalized Therapy
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Chapter Il. Gene Regulatory Network Reconstruction to Guide Personalized
Therapy

Networks provide a global view that transcends individual entities, shedding light on
the very fabric of existence. From the origins of life to the intricacies of communication within
living systems, networks play a role in shaping our understanding. At its core, network theory
encompasses the basics of interconnectedness. Nodes represent individual entities, while edges
signify the connections or relationships between them. This framework applies to diverse
systems, whether biological, social, or technological. Networks serve as a fundamental
construct for comprehending how information, resources, and influence flow through complex

webs of interactions.

Networks can range from simple pairings to vast interconnected systems, providing a
means for information flow, exchange, and cooperation in both living and non-living systems.
Social networks, for instance, comprise individuals (nodes) and their social connections
(edges), forming intricate webs of relationships that facilitate the spread of ideas, influence,
and behaviors, shaping collective norms, cultural dynamics, and even political structures.
These networks offer insights into phenomena like the spread of epidemics, information
cascades, and the formation of online communities. Moreover, social networks serve various
functions such as enabling social support systems, resource flow, socio-economic mobility,

identity formation, social influence, and the transmission of cultural heritage.

Intriguingly, molecular systems exhibit parallels to social networks in terms of
structure, function, and evolution. The human body, with its approximately 37 trillion cells,
relies on dynamic and regulated information transfer reminiscent of social networks. These
networks are hierarchically organized and depend on dynamic, responsive, flexible, redundant,
and resilient networks of information transfer. Just as in human societies, cells within the body
communicate and exchange information to coordinate and direct growth, development,
survival, and homeostasis. These networks facilitate communication within and between
organelles, cells, organs, and other body compartments. They ensure the coordination of
various processes and responses, such as differentiation, gene regulation, and the acquisition
of specific functions by cells or organelles in different body compartments. These networks
comprise nodes representing proteins, genes, metabolites, and other molecular entities,
connected by edges that denote physical or functional relationships. These networks regulate
biological processes, including cellular signaling, gene regulation, metabolic pathways, and
protein-protein interactions, analogous to the information flow and behavior propagation seen
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in social networks. The importance of networks extends beyond their descriptive power.
Network thinking provides a framework for analyzing complex systems, enabling predictions,
and informing decision-making. It enhances our understanding of biological processes, such as

protein-protein interactions, gene regulatory networks, and metabolic pathways.

As discussed in the previous chapter, personalized medicine approaches offer
promising opportunities for improved treatment outcomes in prostate cancer by targeting
specific molecular alterations in individual tumors. One such approach is the reconstruction of
gene regulatory networks (GRNS) in individual tumors, which can identify key genes and
pathways that are dysregulated in each individual tumor, and design targeted therapies to
modulate those pathways. These complex systems of genes and their regulatory interactions

govern cell behavior, including tumor growth and metastasis.

GRN reconstruction involves analyzing large datasets of gene expression, epigenetic
modifications, and other molecular features of individual tumors, and using computational
algorithms to infer the regulatory relationships between genes. This approach has shown
effectiveness in predicting drug responses and identifying new therapeutic targets in various

cancer types, including prostate cancer®3!,

2.1  Network Inception

Recent advances in molecular biology, biotechnology, and bioinformatics have
revolutionized our understanding of cellular processes by uncovering a vast array of molecular
interactions that contribute to the regulation of metabolic circuits, signaling networks, and
molecular machineries. These circuits do not function as isolated complexes but rather contain
thousands of different interconnected components working together in a complex regulatory
system. These networks represent a map of the interactions between various biological
processes and can provide insight into the mechanisms that drive disease. An analysis of the
global topological organization of these networks can provide a comprehensive understanding
of the functional map of the entire disease state. This can help identify key nodes and pathways
that are critical for disease progression, enabling the development of targeted therapies that
address these specific targets. Network analysis has thus emerged as a powerful approach for
elucidating disease processes and can help pave the way for more effective treatments that

improve patient outcomes®3Z.

The study of networks, or the interconnected systems that underlie many complex

phenomena, has a long and fascinating history. The origins of this field can be traced back to

41



Figure 9 Problem of Seven Bridges of Konigsherg?

the 18th century when mathematician Leonhard Euler tackled the problem of the Seven Bridges
of Konigsberg?. This problem involved finding a route through the city of Konigsberg that
crossed each of its seven bridges exactly once. Euler's solution to this problem, which involved
the development of new mathematical concepts related to node-edge relationships and graph
theory, laid the foundation for the study of networks as we know it today. As a result of these
ideas, topology and graph theories were developed, and their concepts have been applied to

numerous disciplines over the past several hundred years.

Biological networks can exhibit a variety of different architectures, but two of the most
common types are scale-free and modular networks. Scale-free networks are often used to
model biological systems because they exhibit a power-law distribution of node degrees, which
is similar to the distribution of many biological systems such as protein-protein interaction
networks and gene regulatory networks'®2133, Modular networks, on the other hand, are also
commonly found in biology, where they can represent functional modules or pathways within
a larger biological system®**. For instance, in a protein-protein interaction network, a module
might represent a set of proteins that work together to carry out a specific biological function.
These two key observations led to a paradigm shift in the modeling of biochemical reactions
in cells. Rather than interpreting reactions as straightforward interactions between enzymes and
substrates or binding events, biochemical interactions were abstracted into nodes and links,
forming a complex network®®. This innovative approach, known as network or systems
biology, has opened up new avenues for investigating intricate regulatory networks in cells and
organisms. By leveraging this approach, researchers can delve deeper into the complexities of
gene regulatory networks, which are essential for comprehending disease processes and

developing personalized therapies.
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2.2  Gene Regulatory Network Reconstruction

GRNs are interpretable computational models of the regulation of gene expression in
the form of networks, mathematically also defined as graphs. These models incorporate various
components involved in gene regulation, including TFs, splicing factors, INCRNAs, miRNAs,
and metabolites. The exploration of GRNs has been a longstanding pursuit in the field of
biology, exemplified by pioneering research conducted in the 1960s on the lac operon in
bacterial®. The reconstruction of extensive GRNs has emerged as a central focus in systems
biology, employing diverse high-throughput experimental techniques and computational
algorithms®3"138_Unraveling the structure and dynamics of GRNs is crucial for comprehending
the mechanisms behind cellular identity establishment and maintenance, offering valuable

insights for manipulating cell fate and preventing diseases'®.

There are two main approaches to using graph theory for the analysis of GRNs - the
structural approach and the dynamic approach. The structural approach involves analyzing the
global organization of the network by computing properties and attributes for individual nodes,
links, and/or groups of nodes and links, and comparing them to random reorganized networks.
This approach provides an understanding of the overall topology of the network and can
identify key regulators/pathways by analyzing the attributes of nodes or edges. An important
property of nodes is their degree, which is the number of direct neighbors a node has'#%4, In
real-world networks, most nodes have few neighbors, but a substantial number of nodes have
a high degree, known as hubs. The identification of hubs is often of interest as they are
topologically and functionally important and have been shown to be preferentially targeted by
both bacterial and viral pathogens'?2. The dynamic approach, on the other hand, uses
multivariate experiments such as microarray data sets to infer cause-consequence relationships
and regulatory links within the context of known pathways and networks. This approach aims
to model the behavior of the network over time and predict how changes in the expression of
one gene will affect the expression of other genes in the network. A complete understanding
of GRNs is often gained through the combination of both approaches, depending on the

particular research question.

Constructing a network can be achieved through various methods, one of which is
querying different interaction databases to identify the interactions of a list of genes or proteins
of interest, such as those that are differentially expressed. Protein-protein databases like

STRING! can provide an undirected network where the direction of signal flux is not

43



represented. Alternatively, directed networks can be obtained by using databases or tools like
CellNet!** that contain information on transcription factor-target gene interactions. By
reconstructing the network, one can identify hubs and/or bottlenecks, which are nodes
interconnecting highly connected nodes or hubs in the system. This approach enables the
identification of a larger network for analysis beyond interactions restricted to those that occur
between nodes in the gene/protein list. In addition to identifying important components of the
network, network analysis can help to identify sub-networks that are enriched in co-regulated
genes or identify non-differentially expressed nodes that are topologically important. These
approaches can reveal key regulatory mechanisms and pathways that may be missed by

traditional differential expression analyses.

Despite the challenges in analyzing complex biological networks, network
reconstruction provides valuable information that can aid in the identification of potential drug
targets and the development of novel therapies!®!. These networks can also help in the
identification of driver mutations in cancer'#>146 or pathways associated with survival of cancer
patients, leading to personalized therapies!#’. In addition, reconstructing networks can aid in
understanding the mode of action of pharmacological compounds, as well as in the assessment

of cells destined for regenerative medicine.

To address the challenge of analyzing large and dynamic biological networks,
integrating contextual information such as gene expression data with standard network analysis
can provide insight into the most relevant key factors and sub-networks in a particular context.
To identify hubs in networks, a number of tools have been developed based on different node
parameters, such as degree, Maximum Neighborhood Component, Density of Maximum
Neighborhood Component, and other parameters. Some of these tools include Hubbal*,
APID2Net!*®, PinnacleZ'*®®, NetworkAnalyzer®®!, CentiScaPe!®2, and TETRAMER®, Our lab
has contributed to this field by generating TETRAMER, a tool specifically designed to
reconstruct gene-regulatory networks using temporal transcriptome data during cell fate
transitions. TETRAMER employs simulations of cascades of temporal transcription-regulatory

events to predict key "master"” regulators involved in the process.

In addition to cancer, network reconstruction can also aid in the development of
therapies for inflammation, degenerative diseases, and infectious diseases caused by emerging
pathogens'®*. By employing advanced network analysis techniques to identify crucial nodes
and edges, such as those with high centrality and significant pathway involvement, potential
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drug targets can be efficiently pinpointed. This process of network reconstruction, in
conjunction with a deep comprehension of the underlying mechanisms of diseases, could hold
great promise in paving the path toward highly effective and personalized treatments.

2.3  Patient-specific Network Alterations

The study of molecular networks has revolutionized our understanding of biological
systems, allowing us to investigate the complexity of cellular processes from a systems-level
perspective. Network analysis has been particularly useful in shedding light on disease
mechanisms and identifying potential therapeutic targets. However, while early network
analyses focused on static representations of molecular interactions, recent advances in
experimental techniques and computational algorithms have allowed for the construction of
dynamic and patient-specific networks. By considering the variability in molecular interactions
and gene expression patterns across different individuals and disease states, these approaches

have the potential to provide a more nuanced understanding of disease mechanisms.

Cancer is a complex disease that is driven by a combination of genetic, epigenetic, and
environmental factors!®. Traditional cancer treatment methods, such as chemotherapy and
radiation therapy, are often associated with significant side effects and limited effectiveness.
The development of personalized treatment strategies that consider the molecular heterogeneity
of individual tumors has become an important area of research in cancer biology. One

promising approach is the analysis of patient-specific network alterations.

Conceptually, patient-specific network analysis offers several advantages over
traditional methods of cancer treatment. Firstly, it allows for the identification of molecular
alterations that are specific to individual patients, which can inform the development of
personalized treatment strategies. This approach can help to avoid the use of ineffective
therapies that may have significant side effects, as well as identify novel therapeutic targets
that may not have been identified using traditional approaches. An illustrative instance of
precision medicine is the drug trastuzumab (Herceptin), which has proven effective against
breast cancer. This medication specifically targets tumors exhibiting human epidermal growth
factor receptor 2 (HER2)-overexpression and/or -amplification'*®. By focusing on patients with
this specific molecular alteration, trastuzumab demonstrates enhanced efficacy while
minimizing unnecessary treatment for individuals lacking the HER2 alteration. Another
example involves the use of mercaptopurine (Purinethol) for the treatment of acute

lymphoblastic leukemia. Patients with specific genetic variants that hinder the drug's
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processing require genetic testing to determine the appropriate therapy*°®. By identifying these
variants, healthcare providers can tailor treatment options to ensure patients receive the most
suitable and effective therapies for their unique genetic makeup.

Secondly, patient-specific network analysis can provide insights into the molecular
mechanisms underlying cancer progression and treatment resistance. By identifying key
signaling pathways and regulatory networks that are dysregulated in individual tumors, a
deeper understanding of the molecular mechanisms underlying cancer and developing targeted
therapies that are tailored to the specific molecular profile of each patient can be gained. This
information can be used to develop combination therapies that target multiple pathways
simultaneously, leading to more effective treatment outcomes. As an example of developing
combination therapies, the study by Jaeger et al. proposed a computational method to simulate
pathway cross-talk inhibition (PCI) using combined drugs in breast cancer®®’. This method
considered the cross-talk between different pathways by analyzing shared protein interactions.
The researchers developed a computational algorithm, known as the PCI index, which took
into account all KEGG pathways containing any of the primary targets of FDA-approved drugs
in breast cancer’®’. Furthermore, another research team developed PanDrugs, a computational
framework that studies gene-drug interactions integrating genomic profiles, biological
pathways and pharmacological evidence to address the needs of individual patients based on

their specific genetic and molecular characteristics®®.

Thirdly, patient-specific network analysis can be used to predict treatment outcomes
and monitor disease progression. By analyzing changes in the molecular network over time,
biomarkers that are predictive of treatment response or disease recurrence can be identified.
This information can be used to guide treatment decisions and monitor the effectiveness of
therapy. These approaches offer a promising avenue for the development of personalized
treatment strategies for cancer patients. However, it is important to acknowledge that cancer is
a heterogeneous disease, and the dysregulated molecular networks within individual tumors
can be remarkably complex and dynamic. This complexity may pose a challenge in identifying
the crucial regulatory networks and signaling pathways that are pertinent for the design of
targeted therapies.Nevertheless, despite these challenges, the benefits of personalized medicine
in cancer treatment are substantial and hold the potential to revolutionize the field in the
future®™®. By tailoring treatments to the specific molecular characteristics of each patient's
tumor, we can enhance treatment efficacy and minimize adverse effects, ultimately improving

patient outcomes. The ongoing advancements in understanding the intricate molecular
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networks involved in cancer development and progression provide optimism for continued

progress in this field.
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Chapter I11. Unveiling the Molecular Complexity of
Prostate Cancer: Exploring the Genetic and Epigenetic
Factors and the Role of Noncoding RNAs in Gene
Regulatory Networks
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Chapter I11. Unveiling the Molecular Complexity of Prostate Cancer: Exploring
the Genetic and Epigenetic Factors and the Role of Noncoding RNAs in Gene
Regulatory Networks

3.1 Genetic and epigenetic alterations

Prostate cancer is a complicated condition that results from a buildup of genetic and
epigenetic changes in prostate epithelial cells. These changes can disrupt critical signaling
pathways that manage cell growth, differentiation, and survival, leading to unchecked cell
proliferation and the development of tumors. Various molecular signaling pathways provide
either positive or negative regulatory signals that control cell growth in a way that aims to

maintain cell number and balance. However, this process is fundamentally altered in cancer
cells 160,161

In order for normal cells to transform into cancer cells, they must exhibit at least eight distinct
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Figure 10 Hallmarks of cancer evasion of the immune system.

Furthermore, cancer cells require a source of energy to maintain their self-sustaining growth
and unlimited replication. Tumor-associated inflammatory mediators also promote the
progression of pre-cancerous cells to invasive cancer cells, and ultimately, cancer cells acquire

the ability to metastasize or spread to other organs or tissues 62,
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3.11 Unraveling the Significance of Tumor Suppressor Gene Alterations

Prostate cancer has shown promise in being associated with biomarkers that include the
alteration of tumor suppressor genes and oncogenes. Tumor suppressor genes comprise a
diverse group that shares a common characteristic: they all are responsible for negatively
regulating cell growth and playing a vital role in the normal cell cycle, DNA repair, and cell
signaling. For the development and survival of cancer cells, both copies of a tumor-suppressor
gene must undergo inactivation. The absence or mutation-induced inactivation of these genes
can lead to the onset and progression of cancer!®®, There are various pathways that can lead to
cancer, including homozygous gene deletion, loss of one allele combined with mutational
inactivation of the second, mutations in both alleles, or loss of one allele combined with
epigenetic inactivation'®, TP53, PTEN, and RB1 are among the most commonly mutated

tumor suppressor genes in prostate cancer.

Retinoblastoma protein (RB1) is a key regulator of the G1/S transition of the cell cycle,
and its inactivation can cause increased cell cycle progression and tumor growth. Rb mutations
frequently occur in both local and advanced prostate cancer, with almost 50% of them observed
in MCRPCs!®4165 Therefore, the detection of RB1 mutations can be useful in predicting the
risk of metastasis and disease progression in prostate cancer. Interestingly, Rb loss does not
impact PCa growth; however, upon castration, Rb-null cells display increased proliferation,
possibly due to elevated AR expression®®®. In addition, Rb gene alterations have been shown
to cause cytoskeleton reorganization, epithelial-to-mesenchymal transition (EMT), and
migration in various in vitro and in vivo prostate cancer models, promoting tumor cell spread
induced by PTEN mutation®+167.168 ' Moreover, the loss of p53 has been found to confer anti-

androgen resistance®168,

The phosphatase and tensin homolog (PTEN) is a frequently mutated gene in PCa, with
mutations being detected in 5-30% of localized cases and 30-60% of advanced carcinomas*®®.
The frequency of PTEN gene loss has been found to be positively correlated with an increase
in the Gleason score, a widely used grading system for PCal’®. Loss of PTEN is more frequent
in Gleason score 7 than in Gleason score 6, which makes it an early marker for the detection
of PCa. PTEN is a lipid phosphatase that inhibits the activity of phosphatidylinositol 3-kinase
(PI3K), which plays an important role in cell growth, proliferation and oncogenesis in PCa'’*-
173 and suppresses the downstream signaling of the mechanistic target of rapamycin, Akt.

Consequently, loss of PTEN function leads to an increase in Akt-pathway activity, which
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promotes cell survival in cancer cells. In contrast to other solid tumors where PTEN is
inactivated by heterogeneous deletion, homozygous deletion of the PTEN gene is a unique
characteristic observed in PCal™. PTEN deletions have been found in up to 20% of patients
with PCa and have been associated with earlier biochemical relapse, metastasis, resistance to
castration, presence of ERG gene fusions and the accumulation of nuclear TP53'7.
Particularly, loss of PTEN, together with TMPRSS2:ERG fusion, c-myc upregulation and
NKX3.1 alteration, promotes prostate tumorigenesis*’®". Studies reported that PTEN loss
occurs after TMPRSS2-ETS rearrangement and correlates with ERG expression*®, PTEN loss
is enriched two to five-fold higher in localized prostate tumors with ERG rearrangement,
indicating a potential mechanism for the re-expression of androgen-responsive genes in
castration-resistant PCa development. However, the loss of PTEN could also account for the
loss of Tp53. Concomitant loss of tumor suppressor PTEN and Tp53 results in metastatic

progression of PCa.

In terms of prognosis, PTEN deletion has been shown to correlate with reduced
response to anti-androgens, limited progression-free survival, and high risk of relapse and
metastases'®®. Studies in genetically engineered mouse models have revealed that monoallelic
deletion of PTEN leads to the formation of prostatic intraepithelial neoplasia (PIN), whereas
biallelic deletion of PTEN results in invasive and metastatic prostatic adenocarcinoma®’®18, |t
should be also noted that other members of the PI3K cascade, including PI3KCA (13%),
PIK3R1 (6%), NF2 (3%), AKT1 (1.5%), and NF1 (1.5%), are commonly found in PCa'®?. The
PI3K signaling mutations in advanced tumors are associated with p53 and AR alterations,
which results in castration resistance after androgen deprivation therapy!®3184,
PI3K/Akt/mTOR inhibitors, therefore, are under extensive study for the treatment of CRPC8°,

3.1.2 Decoding the Significance of Oncogene Alterations

Within normal cells, there are proto-oncogenes which play crucial roles as key
regulators of various biological processes. They can function as growth factors, transducers of
cellular signals, and nuclear transcription factors. These proto-oncogenes are present in
mammalian genomes and are responsible for controlling the normal differentiation and
proliferation of cells*®. However, alterations to these genes, either in terms of their regulatory
control or the structural conformation of their encoded proteins, may occur as activated
oncogenes in cancer cells. When oncogenes are formed, they drive the uncontrolled

multiplication of cells and assume a pivotal role in the development of cancer. The physical
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mutations that result in the activation of proto-oncogenes can be categorized into two types.
The first type involves mutations that lead to changes in the structure of the encoded protein.
These alterations can impact the protein's function and contribute to the acquisition of
oncogenic properties. The second type of mutation causes deregulation of protein expression,
leading to abnormal levels of the protein within the cell*®”18, Both types of mutations can
ultimately lead to the activation of proto-oncogenes and the subsequent development of cancer.
Indeed, the activation of an oncogene or inactivation of a tumor suppressor gene does not
automatically result in every cell becoming a tumor cell. Even though the development of
cancer can occur in various cell types within the body, the genetic causes of tumorigenesis are
generally selective to specific cell types. A notable experiment involving the expression of K-
Ras®'?V demonstrated the tissue-specific susceptibility of cells to oncogenes. Mice carrying
this oncogene in all cells only developed lung adenomas and adenocarcinomas*®®. In a follow-
up study, the Barbacid team demonstrated that a specific lung cell type integrates the K-Ras®'?V
perturbation into its signaling network, enabling tumorigenesis. They identified SPC+ alveolar
type 11 cells as the cancer-initiating cells, as these cells were capable of forming hyperplastic
lesions that later progressed to adenocarcinomas'®. The findings indicate that the function of
an oncogene is not universal, and cancer development depends on specific perturbations
occurring within defined cell types following a specific developmental trajectory. Mutational
analyses across various cancer types have further confirmed the presence of tumor type-

specific mutations!®:,

In prostate cancer, there are three most frequently mutated oncogenes which are MYC,
ERG, and AR. MYC is a transcription factor that regulates genes involved in cell growth,
differentiation, and metabolism, and its amplification and overexpression are observed in
approximately 30-40% of primary prostate cancers. Such amplification and overexpression are
associated with higher Gleason scores, advanced disease stage, and poorer overall survival
rates. In addition, MYC dysregulation is often co-amplified with other oncogenes in prostate
cancer, such as AR and MYCN, and their combined overexpression is associated with poorer
survival rates'®2. There are three different genes in the myc family: c-myc, I-myc (MYCL), and
n-myc (MYCN). In prostate cancer, c-myc amplification and overexpression have been found
in both early and metastatic tumors, which generally correlates with high Gleason grade and
poor prognosis®. MX11, a c-myc upstream inhibitor, is also frequently mutated in prostate

cancer'®®, MYCL amplification is usually detected in premalignant lesions and primary tumors,

52



whereas MYCN is overexpressed in 40% of aggressive castration-resistant prostate

cancers®*19,

ERG is another important oncogene that encodes a transcription factor responsible for
regulating genes involved in cell migration, invasion, and angiogenesis. ERG is frequently
activated in prostate cancer through chromosomal rearrangements that fuse the ERG gene with
the androgen-responsive TMPRSS2 promoter. This fusion results in androgen-responsiveness
and deregulated expression of the ERG gene, which promotes the growth and survival of cancer
cells. ERG overexpression, observed in 50% of primary prostate cancers, is associated with
more aggressive disease and poorer survival rates'®. Mutations and amplifications of the AR
gene are also frequently observed in advanced prostate cancers, with 20-30% of cases
exhibiting such alterations®®’. The dysregulation of the AR signaling pathway plays a pivotal
role in the initiation and progression of PCa. Activation of the AR by androgens triggers a
cascade of physiological effects, including the binding of AR dimers to androgen response
elements in the nucleus, leading to the transcription of target genes involved in the growth,

development, and maturation of the normal prostate.

Despite extensive research and therapeutic interventions targeting the AR,
accumulating evidence suggests that AR inhibition often fails to completely suppress AR
signaling. Mechanisms underlying this phenomenon remain unclear, but reactivation of AR
can occur in response to steroidogenic agents or alterations in the AR gene. Notably, various
alterations in the AR gene, such as mutations, overexpression, and splicing, have gained
substantial clinical significance in PCa. Generally, AR is expressed at a low level in normal
prostate. However, when patients undergo ADT, AR expression is significantly increased
(20%-30%) higher than normal prostate. This enhanced AR expression renders the prostate
highly sensitive to low levels of androgens, promoting continuous prostate growth even under

conditions of androgen deprivation®,

Point mutations in the AR gene, including T877A, L701H, T878A, L702H, and
V715M, have been extensively investigated and confirmed in several studies, particularly in
patients treated with anti-androgens!®®®®. The most recent advancement in understanding
resistance mechanisms in PCa involves the splicing of the AR gene. This splicing leads to the
generation of AR splice variants characterized by rearrangement of exons or the complete
removal of the ligand-binding domain or DNA-binding domain of AR. Notably, elevated
messenger RNA levels of splice variants such as AR-V3 and AR-V9 have been implicated in
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the metastatic progression of PCa?®. Furthermore, increased expression of AR-V7 has been
associated with a higher likelihood of developing castration-resistant PCa?°!. Although AR is
not specific to the prostate, alterations in AR function play a major role in the malignant
progression of PCa. Recent studies have provided further validation, demonstrating that AR is
upregulated in over 60% of metastatic PCas?%2. Intriguingly, co-amplification of an enhancer
region of the AR gene is frequently observed in castration-resistant PCas, highlighting the
complexity of AR dysregulation in advanced disease?’?. Targeting the AR signaling pathway
remains a cornerstone of therapeutic strategies for PCa. Various AR-targeted therapies,
including abiraterone and enzalutamide, have been developed to inhibit AR signaling and
combat disease progression. However, the multifaceted nature of AR alterations and the
maintenance of AR signaling despite inhibition pose ongoing challenges in the effective

management of PCa.

In addition, deregulation of downstream effectors of the AR signaling pathway, such as
the PI3BK/AKT and Wnt/B-catenin pathways, has also been observed in prostate cancer. Among
these, the Wnt/B-catenin pathway holds significance as it plays a crucial role in regulating cell
proliferation and differentiation, with frequent deregulation observed in cancer, including
prostate cancer. Dysregulation of the Wnt/B-catenin pathway in prostate cancer can arise from
mutations or amplifications affecting key components such as 3-catenin, AXIN1/2, GSK3p or
APC?%, These alterations lead to the aberrant activation of the pathway, contributing to disease
aggressiveness and resistance to androgen deprivation therapy. Understanding the molecular
mechanisms underlying Wnt/p-catenin pathway dysregulation provides valuable insights into

prostate cancer progression and therapeutic interventions.

To counteract the adverse effects of dysregulated Wnt/B-catenin signaling, targeted
therapies have been developed to inhibit this pathway. Promising agents, including PRI-
724204205 | GK974206207 and CWP2322912% have emerged as potential therapeutic options.
These compounds aim to selectively block key molecular components within the Wnt/p-
catenin pathway and hold promise in mitigating tumor growth and overcoming treatment
resistance. Ongoing clinical trials are currently evaluating the efficacy and safety of these
targeted therapies in prostate cancer patients. These trials can shed light on the therapeutic
potential of inhibiting the Wnt/B-catenin pathway and its impact on patient outcomes.
Targeting the Wnt pathway as a potential treatment for prostate cancer holds promise, but it
also presents several limitations and challenges that demand attention?®. One of the primary
concerns is the uncertainty surrounding the functional implications of activating the Wnt
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pathway at different stages of prostate cancer progression. As the Wnt pathway is intricately
involved in various normal physiological processes, therapeutically targeting it may result in
unintended side effects and toxicity. Furthermore, the complexity of the Wnt pathway, which
comprises multiple components, means that focusing on a single component might not be
adequate to achieve the desired therapeutic benefits. Another significant challenge is the
development of resistance to Wnt pathway inhibitors, emphasizing the necessity to identify
biomarkers that can predict treatment response and aid in making informed decisions about
patient care. Moreover, the efficacy of Wnt pathway inhibitors may depend on the genetic
characteristics of the tumor, necessitating the identification of specific patient subgroups that
are more likely to derive optimal benefits from this therapy. Addressing these limitations and
challenges is crucial to maximize the potential of Wnt pathway targeting as a viable treatment

approach for prostate cancer®®,

3.1.3 Changes in DNA methylation and histone modifications

In all human cancers, epigenetic changes cooperate with genetic alterations to drive the
cancer phenotype?. Cancer genetics and epigenetics are inextricably linked in generating the
malignant phenotype.Epigenetic alterations have the potential to induce mutations in genes,
and, conversely, genetic mutations are frequently observed in genes that regulate the
epigenome?’°, Epigenetic changes, such as DNA methylation, histone modifications and non-
coding ribonucleic acids play crucial roles in prostate cancer pathogenesis. These patterns,
including specific DNA hypo- or hypermethylated sites and expression of key regulators, have
the potential to serve as diagnostic or predictive biomarkers. Aberrant DNA methylation
patterns have been extensively observed in prostate cancer, involving both hypermethylation
of tumor suppressor genes, including GSTP1 and APC, and hypomethylation of oncogenes like
MYC and AR.

The most prevalent somatic alteration reported in prostate cancer is the aberrant
methylation of the CpG island at the GSTP1 locus, which is detected in up to 90% of prostate
cancer cases and 70% of PIN?!, GSTP1 methylation is prevalent throughout all stages of
prostate cancer and its overexpression in prostatic epithelial columnar cells due to aberrant
methylation is linked to worse clinical outcomes. In addition to GSTP1, numerous genes,
including adenomatous polyposis coli (APC), Ras-associated domain family 1A (RASSF1),
0O6-methylguanine DNA methyltransferase (MGMT), cyclin-dependent kinase inhibitor 2A
(CDKN2A), death-associated protein kinase (DAPK), and tissue inhibitors of

metalloproteinases (TIMPS), are hypermethylated in the promoter regions in prostate cancer
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RASSF1A212214 APC is known to suppress the Wnt/B-catenin signaling pathway, which plays
a crucial role in tumorigenesis, embryonic development, and the maintenance of tissue
homeostasis?®. Hypermethylation of APC has been described in several studies, and abnormal
methylation in its promoter region has been associated with poor prognosis?®?l’, RASSF1A
methylation is observed in 60-70% of prostate carcinomas, particularly in high-grade tumors,
suggesting its potential as a marker of aggressive disease?'®2%°, The p16/CDKN2/MTS1 gene,
a tumor suppressor gene, is frequently inactivated in prostate cancer through hypermethylation
of its DNA sequence?®. The methylation of these genes and others can lead to the silencing of
multiple genes, including those crucial for regulating cell growth and differentiation.
Consequently, this loss of gene function contributes to uncontrolled cell growth and the
development of prostate cancer.

DNA methylation serves as a ‘defense’ mechanism in mammalian genomes to silence
transposable elements??! and also repetitive DNA, which constitutes a significant portion of
the genome (at least 50%)2%2, and prevent its propagation. Demethylation of normally
methylated DNA, also known as hypomethylation, can disrupt such a ‘defense’ mechanism.
DNA hypomethylation refers to the demethylation of normally methylated CpG sites and
contributes to upregulation of gene expression. DNA hypomethylation could contribute to
oncogenesis by the activation of tumor-promoting genes. Although the precise mechanism
underlying hypomethylation in cancer has not been fully elucidated, accumulating evidence
over the past few decades shows that DNA hypomethylation is frequently observed in highly
repeated DNA sequences or long interspersed transposable elements (LINE 1 or L1) in cancer.
L1 promoter hypomethylation?®, L1 ORF1p protein expression??*, and somatic L1
retrotransposition?® have been associated with numerous cancers, including lung, colon,
pancreatic, and ovarian cancers. Global DNA hypomethylation is correlated with genomic
instability, and contributes to cancer development and progression. However, DNA
hypomethylation is more frequently observed in the late phase, such as metastasis, rather than
the early stage of tumorigenesis in PCa??%%2’, While global hypomethylation is frequent in
primary tumors, it is even more evident in metastatic prostate cancers??®. DNA methylation
may also play a role in the regulation of the PLAU gene in prostate cancer??®, with
hypomethylation of the PLAU promoter being associated with its increased expression in
hormone-independent prostate cancer cells, higher invasive capacity in vitro, and increased
tumorigenesis in vivo??®. However, in normal prostate epithelial cells and in hormone-

dependent LNCaP cells, the PLAU promoter is methylated, resulting in lower expression of
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the gene??8, Other hypomethylated gene in prostate cancer include CAGE, a novel cancer/testis
antigen gene®?. Hypomethylation of CAGE, which occurs at a frequency of approximately
40% in prostate cancers, is responsible for its exclusive expression in cancer tissues?*’. The
hypomethylation of specific genes, such as PLAU, CAGE, and heparanase, may have

implications for the development and progression of prostate cancer.

Epigenetic modifications extend beyond DNA methylation to include histone
modifications, such as acetylation and methylation, which can influence gene expression and
contribute to prostate cancer progression. Histone modifications can alter the accessibility of
DNA to transcription factors and RNA polymerase, resulting in altered gene expression
patterns that promote cancer progression. Histone modifications, such as histone H3 lysine 27
trimethylation (H3K27me3) and histone H3 lysine 9 acetylation (H3K9ac), impact chromatin
structure and gene accessibility. Aberrant histone modifications have been observed in prostate
cancer, with decreased H3K27me3 associated with the upregulation of genes involved in cell
cycle progression, proliferation, and metastasis, including EZH22%!, Metastatic prostate cancer
exhibits a higher enrichment of H3K27me3 marks at the promoter regions of tumor suppressor
genes compared to localized PC and normal prostate tissues, thereby promoting increased cell
proliferation. The increased genomic distribution of H3K27me3 in metastatic PCa is largely
attributed to the overexpression of EZH2, a histone methyltransferase that catalyzes the
addition of methyl groups to H3K27%32, EZH2 overexpression is commonly observed in various
cancers, including PCa, and represents a promising therapeutic target for PCa. Several reports
have demonstrated the antiproliferative effects of targeting EZH2 in PCa??23, Conversely,
increased H3K9ac is linked to elevated expression of genes promoting cell growth and survival.
Specifically, increased histone acetylation at the AR gene locus has been associated with
androgen-independent growth and resistance to therapy, implicating the role of histone
modifications in therapeutic resistance mechanisms?4. The process of histone acetylation,
specifically at lysine residues, is tightly regulated by the interplay between histone
acetyltransferases (HATS) and histone deacetylases (HDACs)?3*2%, In the context of prostate
cancer, the transcription of AR target genes is controlled by the assembly of a complex of
transcription factors. Activation of the AR by agonists promotes the recruitment of the AR and
coactivators possessing histone acetyltransferase activity to the promoters of AR target genes,
resulting in histone acetylation and active transcription?’. Also, studies have shed light on the
role of super-enhancers, which are clusters of enhancers characterized by high H3K27

acetylation and strong enrichment of transcriptional coactivators such as BRD4 and mediator
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of RNA Pol-Il transcription subunit 1 (MED1), in driving oncogenic processes in various tumor
cells®8, These super-enhancers, marked by their high density of transcription factors and
regulatory elements, share the common mechanism with "normal™ enhancers of facilitating
transcriptional activity through enhancer-promoter looping interactions. In TMPRSS2-ERG-
positive prostate cancer, the overexpression of ERG leads to the formation of super-enhancers,

enhancing the transcriptional activity of genes associated with prostate cancer development?°,

Similarly to DNA, RNA can also be modified. These modifications can be found in
various types of RNA, ranging from mRNA to non-coding RNAs like ribosomal RNA (rRNA),
transfer RNA (tRNA), miRNAs and IncRNAs??°, Unlike DNA modifications, which mainly
regulate gene expression®!, RNA modifications have diverse functions beyond transcription,
such as controlling RNA stability, location, splicing, degradation, and translation
efficiency?#2243, The field of RNA epitranscriptomics, which explores RNA modifications,
represents the cutting edge of cancer research. Numerous changes in RNA modifications have
been associated with different types of tumors, including PCa?*424, suggesting their potential
as tumor biomarkers. For example, several studies showed that increased m°A deposition
(methylation of position N6 of adenosine in mMRNA) has an oncogenic effect in prostate cancer
cells and targeting METTL3 (methyltransferase-like 3) could have clinical benefits for PCa
patients®#4-246_ Studies on m®C deposition in RNA and its role in PCa showed that increased
expression of NOP2 (also known as nucleolar antigen p120 - is the only m°C methyltransferase
that has been demonstrated to be associated with PCa) has been considered a marker of bad
prognosis for years, correlating with Gleason score, PSA serum levels and recurrence after
radical prostatectomy?°2°1, RNA editing is also a very prevalent post-transcriptional event in
human transcriptomes, mainly involving the conversion of adenosine (A) to inosine (1) by the
ADAR enzyme family??. A-to-l editing is prevalent in various regions, including Alu
elements, introns, untranslated regions (UTRs), and coding transcripts. In a comprehensive
study of prostate cancer patients, over a hundred thousand putative RNA editing events were
identified, affecting introns, UTRs, and coding regions, potentially leading to deleterious
amino acid alterations®3. Subsequent transcriptome-wide research revealed increased RNA-
editing levels and higher expression of ADAR enzymes in various cancer tissues, including the
prostate?®*. Additionally, rare germline heterozygous variants in ADAR were found to be

linked to an increased susceptibility to prostate cancer®®®.

In sum, epigenetic dysregulation, including changes in DNA methylation, histone

modifications and nucleosome remodeling occurs at every phase of prostate cancer
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development and progression. Understanding the complex interplay between genetic,
epigenetic and also epitranscriptomic alterations in prostate cancer is important for the
development of effective diagnostic and therapeutic approaches. ldentification of specific
methylation patterns and other epigenetic modifications holds great promise as potential
biomarkers for early detection, prognosis, and novel therapeutic targets in prostate cancer.
Further research is needed to unravel the precise mechanisms underlying these epigenetic
alterations and their impact on prostate cancer progression.

3.14 The Role of ncRNAs in Prostate Cancer Development and Progression

The noncoding portion of the human transcriptome is increasingly recognized as
playing a crucial role in the development and progression of cancer and boasts many attractive
features for both biomarker and therapeutic research?®. Genetic linkage studies show that many
noncoding RNAs (ncRNAs) are located in cancer-associated genomic regions that are
frequently deleted or amplified in prostate cancer, whereas aberrant "CRNA expression patterns
have well-established links with prostate tumor cell proliferation and survival®®’. The
dysregulation of pathways controlled by ncRNAs results in a cascade of multicellular events,
ultimately contributing to carcinogenesis and tumor progression. The characterization of RNA
species, their functions, and their clinical applicability is highly relevant area of both biological

and clinical research?®,

Long noncoding RNAs (IncRNAs) and microRNAs (miRNAs) are two classes of
regulatory ncRNAs that have garnered significant attention in cancer research. Mutations in
IncRNAs and miRNASs can disrupt their normal regulatory functions, leading to aberrant gene
expression patterns and contributing to cancer development and progression. Unlike protein-
coding genes, the mutations in ncRNAs do not directly affect protein sequences but instead,
influence the expression and function of MRNAs and proteins indirectly. These mutations can
occur in the genomic regions encoding INcRNAs or miRNAs themselves or in the regulatory

elements that control their expression.

Aberrant expression patterns of IncRNAs and miRNAs are frequently observed in
prostate cancer and have been associated with disease progression and patient outcomes. These
ncRNAS can act as oncogenes or tumor suppressors, modulating the expression of target genes
involved in various cellular processes. For example, certain INcRNAs have been shown to
interact with chromatin-modifying complexes, leading to changes in the epigenetic landscape

and altering the expression of genes involved in cell cycle regulation and apoptosis?>8.
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Moreover, ncRNAs can regulate gene expression post-transcriptionally through
interactions with miRNAs. Some IncRNAs can act as competing endogenous RNAs (ceRNAS),
sequestering miRNAs and preventing them from binding to their target mMRNAs. This ceRNA
cross-talk can have profound effects on gene expression networks and contribute to prostate
cancer progression®®®, Understanding the specific roles of ncRNAs and their target genes in
these processes can help identify potential diagnostic biomarkers and therapeutic targets for
prostate cancer.

Given the part of my thesis on miRNAs, | will provide additional details regarding

miRNA biogenesis and its significance in the context of prostate cancer.

i.  Unveiling the Mechanisms of miRNA Biogenesis: A Concise Overview

miRNAs are small noncoding regulatory RNAs (19-25 nucleotides) that play a major
role in regulation of gene expression. They are responsible for the control of fundamental
cellular processes that has been reported to be involved in human tumorigenesis. The

characterization of miRNA profiles in human tumors is crucial for the understanding of
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carcinogenesis processes, finding of new tumor markers, and discovering of specific targets for

the development of innovative therapies.
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The biogenesis of mMiRNAs involves a series of well-coordinated steps, starting from
their transcription to their incorporation into the RNA-induced silencing complex (RISC).
miRNAs are transcribed from specific genomic loci by RNA polymerase Il as long primary
miRNA transcripts (pri-miRNAS). Pri-miRNAs can be independent transcriptional units or can
be embedded within introns of protein-coding genes. In the nucleus, the pri-miRNA is
recognized and cleaved by the Microprocessor complex, composed of the RNase 1l enzyme
Drosha and its cofactor DGCR82%° (DiGeorge syndrome critical region 8). The microprocessor
complex recognizes the stem-loop structure of the pri-miRNA and cleaves it near the base of
the stem, producing a hairpin-shaped precursor miRNA (pre-miRNA). The pre-miRNA is then
transported from the nucleus to the cytoplasm by the Ran/GTP/Exportin 5 complex. Exportin-
5 recognizes and binds to the pre-miRNA hairpin structure, facilitating its translocation through
the nuclear pores. In the cytoplasm, the pre-miRNA is further processed by another RNase 111
enzyme called Dicer. Dicer recognizes the double-stranded hairpin structure of the pre-miRNA
and cleaves it near the loop region, generating a short RNA duplex (~ 20-22-nucleotide
miIRNA/miRNA* duplex). From the RNA duplex, one strand, known as the guide strand, is
selected to be incorporated into the RISC, while the other strand, known as the passenger strand
or miRNA*, is usually degraded. The selection of the guide strand is determined by the
thermodynamic stability and structural features of the duplex ends?!. The guide strand within
the RISC complex binds to the target mRNA molecules through partial complementarity
between the miRNA seed region (a 6- to 8-nucleotide-long fragment at the 5-end of the
miRNA) and the target mMRNA sequence?®?. The binding of the miRNA to the target mMRNA
leads to translational repression and/or mMRNA degradation, resulting in post-transcriptional
gene silencing?3. It's important to note that miRNA biogenesis is tightly regulated at each step
to ensure the proper production and function of mature miRNAs. Dysregulation of miRNA
biogenesis can occur in various diseases, including cancer, leading to aberrant miRNA

expression and disruption of gene regulatory networks.

ii.  mMiRNA deregulation in cancer

The discovery of miRNAs has led to a global research effort to reveal their significance
in various diseases. The number of human miRNAs reported so far (the June 2019 release of
miRbase V22) is in excess of 2650%* and extensive studies have revealed the critical roles
miRNAs play in diverse biological processes such as proliferation, cell cycle regulation,
apoptosis, differentiation, development, metabolism, neuronal patterning, and aging?6>2¢’.

Moreover, their involvement in cancer formation and metastasis has been extensively
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demonstrated. These small ncRNAs are typically found in specific regions associated with gene
amplification, loss of heterozygosity, fragile sites, and common breakpoint regions close to
oncogenes or tumor suppressor genes. Remarkably, each member of the vast family of ncRNAs
can target hundreds of different genes, thereby exerting substantial influence over gene

regulation and at least one miRNA is responsible for regulating nearly 30% of all genes?®°.

miRNA dysregulation has been implicated in the development of each of the hallmark
features of cancer, and restoration of expression of some of these critical downregulated
miRNAs has been studied as a potential treatment for several different cancers. Understanding
the mechanisms is crucial for uncovering the underlying molecular events that drive cancer
development and progression. Key mechanisms of miRNA deregulation in cancer include
genetic alterations, epigenetic modifications, dysregulation of miRNA biogenesis machinery,
dysregulated miRNA targeting and post-transcriptional regulation, and cross-talk with
signaling pathways and transcription factors. Genetic abnormalities such as chromosomal
deletions, amplifications, and mutations can directly impact the genomic regions encoding
miRNAs or their target sites in the 3" untranslated regions (UTRs) of target mMRNAs. These
genetic changes lead to the dysregulation of specific miRNAs and their target genes. For
example, loss of heterozygosity (LOH) or deletions in chromosomal regions harboring miRNA
genes can result in the downregulation of tumor-suppressive miRNAs, while amplifications or
mutations can lead to the overexpression of oncogenic miRNAs. For instance, the loss of miR-
15a/16-1 cluster gene located at chromosome 13q14, frequently observed in B-cell chronic
lymphocytic leukemia patients, represents an early discovery of miRNA gene location
alteration®®, In lung cancer, deletion of the 5933 region harboring miR-143 and miR-145 is
common, leading to decreased expression of both miRNAs?%°. Conversely, amplification of the
miR-17-92 cluster gene has been observed in B-cell lymphomas?’® and lung cancers®’:.
Translocation of this cluster gene has also been observed in T-cell acute lymphoblastic
leukemia, resulting in the overexpression of these miRNAs in these malignancies®’?. The
epigenetic alterations found to influence the activity of miRNAs are the same as those
previously described for protein-coding genes, such as DNA methylation and histone

modifications.

Another important aspect is the dysregulation of miRNA biogenesis machinery.
Perturbations in the components involved in miRNA biogenesis and processing can disrupt
miRNA production in cancer. Key proteins such as Drosha, Dicer, and Exportin-5 are crucial

for miRNA processing and maturation. Downregulation or functional impairment of these
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proteins can result in decreased production of mature miRNAs, leading to dysregulated gene
expression patterns associated with cancer?”>-2’6, Furthermore, dysregulated miRNA targeting
and post-transcriptional regulation contribute to cancer development and progression. Aberrant
expression of miRNAs in cancer cells can affect the targeting and post-transcriptional
regulation of their target mRNAs. This dysregulation influences mRNA stability and
translation, ultimately impacting the expression of genes involved in critical cellular processes.
Dysregulated miRNA-target interactions can promote oncogenic pathways or suppress tumor-

suppressive mechanisms, further driving prostate cancer progression.

Changes in the expression level of miRNAs have subsequently been detected by
different groups in many types of human tumors. miRNAs have been proposed to contribute to
oncogenesis because they can function either as tumor suppressors or oncogenes. OncomiRs,
acting as oncogenes, are frequently overexpressed in cancer, promoting tumor growth and
facilitating metastasis. They tend to be located within amplified regions of the genome. In
contrast, tumor-suppressor miRs, which impair tumor growth and promote apoptosis while
blocking cell migration, are often down-regulated in cancer. Their repression can occur through
various mechanisms, such as mutations, promoter methylation, or chromosomal
rearrangements?’’. Some microRNAs can act as both oncogene or tumor-suppressor gene
depending on the cellular context?””. Several well-described examples, such as miR-17, miR-
21, miR155, miR-221/222, let-7, miR-15/16, miR-200, miR-34 indicate that they have

important roles as oncogenic or tumor suppressor molecules in cancer biology.

A single miRNA possesses the capability to target multiple mRNAs, enabling it to
regulate numerous target genes simultaneously, within a single pathway or even across
different pathways?’®, thereby exerting substantial influence over gene regulation and at least
one miRNA is responsible for regulating nearly 30% of all genes?®. For instance, while the
miR-17 family targets various components of the transforming growth factor-beta (TGF-p)
signaling pathway, including TGF-B receptors and down-stream transducers such as SMADs
and cyclin dependent kinase inhibitor 1A%"°, miR-21 suppresses key genes associated with
major tumor suppressor functions, including Bcl2, PTEN, programmed cell death 4 (PDCD4),
sprouty, Fas ligand, tissue inhibitor of metalloproteinase 3 (TIMP3), and tropomyosin 1

(TPM1)%0-282 Increased expression of miR-21 leads to the downregulation of its multiple
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target genes, promoting cell proliferation, inhibits apoptosis, enhancing angiogenesis, and
facilitating metastasis, thereby contributing to cancer progression.
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miRNAs miRNAs
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Figure 12 miRNAs play a crucial role in regulating tumorigenesis®. Oncogenic miRNAs, when
upregulated, decrease the expression of tumor-suppressor proteins, while downregulation of tumor-
suppressing miRNAs leads to increased production of oncogenic proteins. Tumorigenesis can occur
due to loss-of-function mutations in tumor-suppressing miRNAs, as well as mutations in the target
region of oncogene mRNA, which disrupt the regulation of oncogenic protein expression. Conversely,
loss-of-function mutations in oncogenic miRNAs and mutations in tumor-suppressor mRNA would
increase the expression of tumor-suppressor proteins, thereby reducing the likelihood of
tumorigenesis.

One such highly conserved miRNA, miR-205, exhibits dual roles as both an
oncomiRNA and a tumor suppressor. However, extensive research suggests its predominant
function as a tumor suppressor in various cancers. Numerous studies have demonstrated that
miR-205 expression is frequently downregulated in PCa, and it exerts its tumor suppressive
effects by impacting migration, invasion, and growth through modulation of the AR and MAPK
signaling pathway. Luciferase reporter assays demonstrated that miR-205 binds directly to the
3" UTR of AR, and that ectopic expression of miR-205 has been shown to decrease AR

expression at the mRNA level?3, Other studies have revealed decreased expression of miR-
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205 in PCa?®428 partly explained by hypermethylation of the CpG islands in the miR-205

promoter, and to act as a tumour suppressor by affecting migration, invasion and growth?8.27,

MiR-27a and miR-27b have been demonstrated to function as putative tumor
suppressors in prostate and bladder cancer by modulating proliferation and epithelial-
mesenchymal transition. The study showed that miR-27a, as a tumor suppressor, decreased
PCa cells proliferation and migration by suppressing MAP2K4, identified as a direct target of
miR-27a, was an oncogene in prostate cancer?®®, On the other hand, miR-23a has been observed
to be downregulated in polycystic ovary syndrome (PCOS) patients, indicating its inhibitory
role in this condition. In cellular experiments, miR-23a mimic demonstrated the ability to
inhibit cell proliferation and promote apoptosis and the study confirmed that miR-23a directly
binds to the 3'UTR of FGD4, leading to the suppression of FGD4 expression and activates the
CDC42/PAK1 pathway, leading to cell cycle arrest?®. Another experiment showed that miR-
23a downregulated the expression of IRF-1, which is involved in apoptosis suppression in
hepatocellular carcinoma (HCC)??. In addition to individual miRNAs, miRNA clusters also
play a significant role in cancer development. miRNA clusters consist of multiple miRNAs
located in close proximity on the genome, and their coordinated expression can have a
collective impact on cellular processes. For instance, the miR-17-92 cluster, known as
oncomiR-1, is frequently amplified or overexpressed in several cancers, including lymphomas
and lung cancer. This cluster targets multiple tumor suppressors, such as PTEN, E2F1, and

BIM, promoting cell proliferation, inhibiting apoptosis, and facilitating angiogenesis?®*.

Furthermore, the expression patterns of miRNAs can serve as valuable indicators for
cancer classification and the identification of subtypes. Each cancer type exhibits unique
miRNA profiles that reflect the tissue of origin and underlying molecular alterations. Through
miRNA profiling, it has become possible to subclassify different cancers, including breast,
lung, and prostate cancers, into distinct molecular subtypes that display diverse clinical
behaviors?®22%3, This subclassification has implications for treatment decisions and patient
management, as certain subtypes may respond differently to specific therapies. Therefore, the
analysis of miRNA expression provides critical insights into cancer heterogeneity and aids in
tailoring personalized treatment strategies based on the molecular characteristics of individual

tumors.

65



iii.  The potential use of MiIRNA-based therapies

The potential use of MiIRNA-based therapies is based on the ability of miRNAs to target
multiple MRNAs that are altered in disease conditions, making them interesting candidates of
therapeutics?’®. There are two main approaches to miRNA-based treatments: miRNA reduction
(miRNA inhibitors) and miRNA replacement (MiIRNA mimics). In miRNA reduction
treatment, inactivating miRNAs that are upregulated or overexpressed in tumors are targeted,
while miRNA replacement treatment involves reintroducing miRNAs that are downregulated
or deleted in tumors?®. Anti-miRNAs (miRNA inhibitors) are synthetic single-stranded RNA
molecules that bind and sequester mature miRNAs through sequence complementarity,
counteracting the effects of upregulated miRNAs?%. Conversely, miRNA mimics are synthetic
oligonucleotide duplexes that, upon introduction into cells, function similarly to endogenous
miRNAs and can restore the expression of downregulated miRNAs?**. However, there are
several challenges that remain, including the identification of the best miRNA candidates or
miRNA targets, the design of effective delivery vehicles, and the avoidance of potential
toxicities and off-target effects. One limitation is the ability to develop mechanisms to
overcome miRNA-mediated repression, especially in cancer cells. This can occur through
mutations within miRNA response elements or the expression of mMRNA isoforms with shorter
3'UTR lacking miRNA-binding sites, achieved by alternative cleavage and
polyadenylation?®®2%’, In such cases, the absence of repressive elements in mRNA isoforms

prevents miRNA mimics from binding and can result in the failure of therapy.

Another major challenge in miRNA-based drug therapy is the design of miRNA
delivery vehicles that provide higher stability to the therapeutic candidate and enable tissue-
specific targeting, while also avoiding potential toxicities and off-target effects. Off-target
effects occur when a miRNA inadvertently regulates genes other than its intended targets. This
can happen because a single miRNA can potentially bind to and regulate multiple MRNAs with
similar or partially complementary sequences. For instance, if a therapeutic miRNA is designed
to inhibit a specific oncogene, it might also unintentionally downregulate other non-cancer-
related genes, causing adverse effects on normal cellular functions. These off-target effects can
contribute to unwanted toxicity and limit the clinical application of miRNA-based therapies?®,
To mitigate off-target effects and improve the delivery of miRNA-based therapeutics several
encapsulation methods have been developed. One of the most commonly used delivery systems
is lipid nanoparticles, such as neutral lipid emulsions (NLES) or dendrimer complexes with a

targeting moiety attached?*®. These delivery systems can protect the miRNA from degradation
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by nucleases and facilitate its uptake by target cells. Another approach to miRNA-based drug
therapy is the use of chemically modified miRNAs. Chemical modifications, such as the
addition of a 2'-O-methyl group or locked nucleic acids (LNAs), can increase the
thermostability of LNA-RNA duplexes, increase target specificity, and are resistant to
exonucleases and endonucleases, thereby improving the stability of miRNAs in vitro and in
vivo®®, In a study using mice, an anti-miRNA, miR-122, targeting a liver-specific miRNA
successfully inhibited its function. The treatment resulted in the upregulation of specific genes
and demonstrated a long-lasting effect®®. Similar approaches using LNA-modified
oligonucleotides showed potential for inhibiting endogenous miRNAs (such as oncomiR-155)

and upregulating target proteins®®.

In addition to delivery and chemical modifications, the identification of the tumor-
specific delivery and retention of miRNAs is crucial. Because many mRNASs are targeted by
one MiRNA, off-target effects are likely to be significant. Targeted delivery to specific tissues
can be achieved by linking tumor-specific ligands to nanoparticles, which can be directed to
tumor cells through active or passive targeting. Passive targeting utilizes the size of
nanoparticles and tumor vasculature properties to selectively deliver the load to specific
cells®2, Active targeting of nanoparticles requires their conjugation with different compounds
that have a specific affinity for tumors. Various cancer-associated cell-surface proteins (eg,
HER23%, EGFR3%, and CA-125%%) and hyaluronic acid®® could potentially be used for this

conjugation.

In conclusion, the potential use of miRNA-based therapies in cancer treatment is an
exciting area of research. While there are still challenges to overcome, the development of safe
and specific methods for delivering of miRNA-based treatments to the cancer cells could allow

modulation of miRNAs to become a central feature of cancer treatment and management.
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Drug Name

Therapeutic

agent

Background
disease

Delivery system

Clinical trial
number(s)

AMT-130 Acrtificial Huntington disease  Viral transfer (adeno-  NCT04120493 Stage
miRNA associated vector NCT05243017 Phase I/11,
ongoing
CDR132L AntimiR-132 Myocardial LNA-modified NCT04045405 Stage
Infarction, Heart antisense inhibitor Phase I,
failure completed
NCT05350969 Stage
Phase II,
ongoing
RG-012 AntimiR-21 Alport Syndrome Chemical NCTO03373786N Stage
Modification CT02136862 Phase I,
(Phosphorothioate) completed
MRG-110 AntimiR-92a Skin Excisional LNA-modified NCT03603431 Stage
Wound antisense inhibitor Phase I,
completed
EXTH-61 AntimiR-21 Glioblastoma c-RGD peptide NCT01849952 Stage
AntimiR-10b surface tagged PLGA Phase I,
nanoparticles (NPs) ongoing
MRG-201/ miR-29 Keloid Biomolecule NCT03601052 Stage
Remlarsen (mimic) conjugation Phase II,
(cholesterol) completed
NCT02603224 Stage
Phase I,
completed
RG-125/ AntimiR-103 Non-alcoholic GalNAc-conjugated NCT02612662 Stage
AZD4076 AntimiR-107 Steatohepatitis antimiR Phase I,
(NASH) completed
MRG-106/ AntimiR-155 Cutaneous T-Cell LNA-modified NCT03713320 Stage
Cobomarsen Lymphoma/Mycosis antisense inhibitor NCT03837457 Phase I,
Fungoides terminated
NCT02580552 Stage
Phase I,
completed
MRX34 miR-34a Multiple solid Liposomal Injection NCT01829971 Stage
(mimic) tumours Phase I,
terminated
Mesomir-1 miR-16 Malignant pleural Drug delivery vehicle  NCT02369198 Stage
(mimic) mesothelioma, non- - EDVs Phase I,
small cell lung (nanoparticles) completed
cancer
RG-101 AntimiR-122 Chronic hepatitis C ~ GalNAc-conjugated - Stage
virus antimiR Phase I,
completed
Miravirsen AntimiR-122 Chronic hepatitis C LNA-modified NCT02452814 Stage
virus antisense inhibitor NCT02508090 Phase I,
NCT01200420 completed
NCT01727934 Stage
NCT01872936 Phase Il,
unknown
NCT01646489 Stage
Phase I,
completed

Figure 13 Clinical trials of selected miRNA therapeutics
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THESIS OBJECTIVES

Study | : Patient-matched analysis identifies deregulated networks in prostate cancer to
guide personalized therapeutic intervention

The objective of this study is to investigate the inter-individual heterogeneity observed within
the stratified class of TMPRSS2-ERG-positive patients and propose a personalized therapy
approach using network analysis. Despite the extensive genomics analyses conducted in cancer
research, the identification and effective utilization of targets for pharmacological treatments
have been disappointingly limited. This limitation can be attributed to the gene-centric views

and analyses traditionally employed by molecular biologists.

While these approaches have resulted in significant discoveries, such as (proto)oncogenes,
tumor suppressor genes, and therapeutics like Herceptin (Trastuzumab), there has been a lack
of substantial conceptual progress in cancer therapy. Therefore, this project aims to shift the
focus from analyzing a large number of patients and individual genes to studying individual
patients and establishing a network of Differentially Expressed Genes (DEGS) to identify key
nodes that may be targeted for therapy.

To achieve this objective, patient-matched normal and tumor samples were obtained from
primary ERG-positive prostate cancers. Somatic variations specific to each patient were
identified through exome sequencing (exome-seq), while differentially expressed genes
(DEGS) were pinpointed through RNA sequencing (RNA-seq) in a patient-matched manner.
To illustrate the complex interactions between genes and their physiological context, a strategy
was generated to construct patient-specific networks since it is well-known that genes do not
operate in isolation, but rather in coordination with other genes and cellular components.
Master networks were reconstructed using all DEGs, integrating the connectivities provided by
the validated STRING and CellNet databases. The resulting networks were visualized using
Cytoscape software. Subsequently, the connectivity between these DEGs and mutated genes
was investigated to understand how these alterations impact regulatory networks and pathways
and enable the development of personalized therapeutic strategies.
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Study Il : Role of miRNAs in the differential inter-individual gene-regulatory networks

in prostate cancer

Following the first study and given that we conducted a comprehensive ssSRNA-seq analysis in
which we identified also deregulated ncRNAs in each patient, we decided to include not only
deregulated mRNAs but also DEmiRs and their target genes to enhance the complexity of our
DEG network. The reason was that over the past two decades, the field of miRNA biology has
significantly expanded. MiRNAs have been recognized as valuable tools and targets for novel
therapeutic approaches due to their roles in development, disease, and particularly cancer.
Extensive research has revealed that miRNA dysregulation plays a causal role in many cancer
cases, where miRNAs can function as either tumor suppressors or oncogenes (oncomiRs) and
clinical development of miRNA-targeted therapeutics has progressed, including a mimic of

miR-34, as well as inhibitors of miR-122.

The primary questions we sought to address in our study were: Are there any causal links
between miRs and their targets, and what are the impacts of these miRs on cancer deregulation?
To answer these questions, we first analyzed the DEmiRs and identified their target genes using
bioinformatic tools. Subsequently, we integrated these DEmIiRs and their target genes into the
previously established personalized networks. We further conducted experimental validations
to assess the connectivity between the miRs and their target genes in prostate cancer cells.
Additionally, we manipulated miRNAs using agomirs and antagomirs to observe the

consequences of these alterations.

Overall, by employing a combination of bioinformatics analyses and experimental validations,
we generated novel personalized multi-layer deregulated cancer networks with the aim of
enhancing our understanding of the impact of miRNA deregulation in individual patients and

elucidating the potential of targeting miRs for the development of novel therapeutic strategies.
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Abstract: Prostate cancer (PrCa) is the second most common malignancy in men. More than 50% of advanced
prostate cancers display the TMPRSS2-ERG fusion. Despite extensive cancer genome/transcriptome data, little
is known about the impact of mutations and altered transcription on regulatory networks in the PrCa of individual
patients. Using patient-matched normal and tumor samples, we established somatic variations and differential
transcriptome profiles of primary ERG-positive prostate cancers. Integration of protein-protein interaction and gene-
regulatory network databases defined highly diverse patient-specific network alterations. Different components of
a given regulatory pathway were altered by novel and known mutations and/or aberrant gene expression, including
deregulated ERG targets, and were validated by using a novel in silico methodology. Consequently, different sets of
pathways were altered in each individual PrCa. In a given PrCa, several deregulated pathways share common fac-
tors, predicting synergistic effects on cancer progression. Our integrated analysis provides a paradigm to identify
druggable key deregulated factors within regulatory networks to guide personalized therapies.

Keywords: Cancer systems biology, prostate cancer, personalized therapy, patient-matched deregulated networks

Introduction tors involved in DNA repair and chromatin

methylation, or cell cycle control. One of the

The mutational landscapes of primary and
advanced/metastatic PrCa have been exten-
sively analyzed [1-5], as has been the preva-
lence of the androgen-sensitive TMPRSS2 pro-
moter fusion with ETS transcription factors [6],
which endows ETS with responsiveness to the
androgen receptor (AR) that is frequently over-
expressed in antiandrogen-resistant PrCa [7].
In these studies, recurrent mutations have
been found in genes coding for factors regulat-
ing a plethora of pathways and key cellular
functions, such as the androgen receptor sig-
naling, PI3K/RAS/RAF/WNT pathways, and fac-

caveats in all these studies was that, with a
few exceptions [2, 8], information was generally
compiled from large numbers of tumors from
different patients. Thus, while enabling identifi-
cation of predominant mutations, these stud-
ies did not reveal the spectrum of aberrations
that existed in individual patients’ prostates at
diagnosis. All these aberrations may affect dif-
ferent regulatory pathways and their added,
possibly synergistic action may be critical for
malignancy and tumor progression. Indeed,
restoring a normal state would require the cor-
rection of a highly complex and dynamically
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regulated system of interactive multi-compo-
nent networks which are deregulated in dis-
ease [9]. Towards this goal, the identification of
aberrant networks and their inherent hierar-
chies is essential to design patient-selective
therapeutic interventions through generic or
key factor-specific modulation of the affected
pathways.

Material and methods
Patient sample collection

All samples were collected within 15 minutes
after radical prostatectomy to shorten the delay
between de-vascularization and freezing, and
to ensure preservation of labile molecules.
Immediately following prostatectomy, punch
biopsies (“carrots”) of 8 mm diameter were
taken from tumor and adjacent normal tissue,
snap-frozen in liquid nitrogen and stored at
-80°C. Carrots used for genomic and transcrip-
tomic studies were cut into sequential tissue
sections and the tumor cellularity was moni-
tored at regular intervals by histological stain-
ing to ensure homogeneity of tumor and normal
sections stored in LoBind tubes at -80°C.

Tissue microarrays

Tissues microarrays (TMA) were made from
paraffin-embedded tissue cores of histopathol-
ogy-confirmed prostate cancer and patient-
matched tumor-adjacent normal tissue. For
each tumor, two representative tumor areas
were selected and two cores of 2 mm in diam-
eter were punched and included in paraffin
recipient blocs. Two adjacent normal tissues of
each selected prostatic sample were arrayed
on TMAs and constituted the “normal” counter-
parts of each tumor sample. The TMAs were
performed on the histopathology platform of
the Biological Resource Center (CRB) of the
Toulouse University Hospital, in a semi-auto-
mated way using the EZTMA™ Manual Tissue
Microarray Kit (IHC World). The slides were
examined by HE coloration and immunohisto-
chemical studies were performed on TMA tis-
sues. Immunohistochemistry was done using
an automated Dako Autostainer. The following
antibodies were used: ERG, EZH2, Androgen
Receptor. Slides were digitalized using a
Hamamatsu NanoZoomer slide scanner (Japan)
at 20x maghnification with a resolution of 0.46
microns per pixel. The results were interpreted
under an optical microscope by two patholo-
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gists (CM and M-LQ), blinded to the clinical
data.

Whole exome sequencing (WES) and analysis
pipeline

For WES, DNA was isolated from frozen tumor
and matched normal tissue (10 sections of 10
pum for each tumor and normal sample) using
QlAamp DNA micro kit according to manufac-
turer’'s instructions. DNA was processed by
GATC Biotech for exome capture, library prepa-
ration and sequencing. Briefly, SureSelectXT
Human all exon V6 kit was used to capture
exons, libraries were prepared using TruSeq
DNA library preparation kit according to manu-
facturer’s instruction and Paired-End 125-base
sequencing was performed on Illumina HiSeq
2000. FastQ files provided by GATC Biotech
were processed for variant discovery with
Genome Analysis Toolkit (GATK, 3.7) [10] using
default parameters. To assist in WES analysis
we developed a WES Analysis Pipeline [written
in Python3 with the Snakemake (3.13.3) [11]
management tool] and used the Genome
Analysis Toolkit (GATK, 3.7) [10] according to
the authors’ instructions. The following tools
were used for each step in the pipeline.

Pre-processing of the samples: FastQ files were
first aligned to hg19 using BWA-mem (0.7.17)
[12] using standard parameters. The output
SAM files were then converted to BAM files
using SAM tools (1.6) [13]. BAM files were
processed using Picard tools (2.14) to sort by
coordinates, remove duplicates and add read
group tags (essential to differentiate between
Normal and Tumor samples) to samples before
indexing them with SAM tools. Then BAM files
were recalibrated (BQSR) using GATK, as rec-
ommended for enhancing variant calling by pro-
viding databases of known polymorphic sites: a
setof curated INDEL entries, a Single Nucleotide
Polymorphism database dbSNP, the COSMIC
database of somatic cancer mutations.

Creating the Panel of Normals (PON): The
‘Panel of Normals’ is created from the normal
samples using GATK. This method is used as a
filter to reject artifacts and germline variants
that are present in at least two normal samples
(-minN 2). It uses as input the hg19, the dbSNP,
the COSMIC and the intervals of the genome to
analyze only the exons of all genes captured. It
generates a new file that will be used when call-
ing the variants.
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Variant calling with MuTect2: After pre-process-
ing and alignment, MuTect2 (GATK) was used to
call somatic variants [14]. Inputs are the follow-
ing files: hgl9, PON, HumanAIlExonV6r2,
COSMIC and dbSNP. The normal and tumor
samples were compared using the following
parameters: pir_mad_threshold: 6; max_alt_
alleles_in_normal_count: 5; pir_median_thre-
shold: 35; standard_min_confidence_thresh-
old_for_calling: 30.

Annotation of VCF: The annotations of the VCF
files were done using SnpEFF [15] and SnpSift
[15] with hg19 as reference genome.

Validation of mutations

Target regions were amplified by PCR. PCR
products were purified using Qiagen gel extrac-
tion kit and sequenced by Eurofins Genomics
using the BigDye Terminator Cycle Sequencing
Kit and an ABI 3730xl automated sequencer
(Applied Biosystems). The sequencing primers
were the same as those used for PCR amplifica-
tion. Variants were confirmed using SNAP gene
viewer.

RNA-sequencing

RNA was isolated from frozen tumor and
matched normal tissue using Trizol reagent
(Invitrogen). In all cases, two independent sets
of adjacent 10 uym sections (N=10) were pro-
cessed for RNA isolation to generate biological
duplicate RNA-seq data. For subsequent inter-
pretations only data that were consistent
between the biological duplicates were
retained. RNA was further cleaned up using
RNeasy MinElute Cleanup Kit. RNA was then
sent to GATC Biotech (Konstanz, Germany) for
strand-specific, paired-end and Ribo-minus
total RNA-seq. Briefly, ribosomal RNA depletion
was done using Ribo Zero gold kit (lllumina Inc);
libraries were prepared using TruSeq stranded
total RNA library prep kit (lllumina Inc.). Paired-
end 125 base or 150 base sequencing was
performed using lllumina HiSeq 2000. FastQ
files received from GATC Biotech were used for
further analysis.

RNA-seq analysis pipeline

The analysis pipeline consists of the following
steps.
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Pre-processing, alignment and counting raw
reads: FastQ files were assessed for quality
using FastQC. FastQ files were aligned to refer-
ence genome (human genome hg19) using the
Hisat2 [16] aligner. Aligned SAM files were con-
verted to BAM files and sorted using SAMtools
[13]. The R package Summarized Experiment
[17] was used for counting raw reads per exon/
gene.

Differential gene expression analysis: The
patient-specific differential gene expression
analysis was done using DESeqg2 (1.20.0) [18]
according to the general steps described with
the parameters given below. The samples have
been analyzed by giving the matched raw read
counts normal/tumor duplicates as input.

- Removing sum of row counts: O;

- CooksCutoff: False;

- Alpha: 0.01;

- Subset genes with Adjusted P-value <0.01;

- Subset genes with Log2FC <-1 or Log2FC >+1.

The corresponding list of Differentially Expre-
ssed Genes (DEGs) for each patient was used
for further analysis.

Pathway enrichment analysis

To interpret the gene expression data, the DEG
list was loaded into GeneCodis [19] and the
Panther pathway analysis function was used to
retrieve enriched pathways. Hypergeometric
correction of P-values was applied and path-
ways displaying a corrected P-value <0.01 were
considered enriched. We clustered all path-
ways of all samples using Plotly in R. For the
datasets obtained from TCGA (54 PrCa patient
data along with matched normal), HT-seq
counts were downloaded for each patient cor-
responding to tumor and matched normal.
DEseq2 was used to identify the DEGs for each
patient. Pathway enrichment analysis was per-
formed as described before.

Patient-specific network generation and visu-
alization

To generate the gene networks for individual

patients we extracted the list of mutated genes
from WES and differentially expressed genes
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(DEGs) from RNA-seq of tumor vs normal sam-
ples for each patient. These lists of genes were
queried against two known databases of net-
work interactions, STRING [20], a Protein-
Protein Interaction (PPI) database, and CellNet
[21], a gene regulatory network (GRN) data-
base. For STRING, we merged the list of genes
(DEGs and Mutation, keeping the information
whether the gene is a DEG or a mutated gene
as attributes), removed any duplicated genes
and queried them using an in-house script. As
for the parameters, we only chose edge interac-
tions that have been experimentally validated
(exp_score # 0). For CellNet, we queried only
the differentially expressed genes on the target
genes and retrieved along the cognate tran-
scription factors. We chose interactions that
had only a z-score >5. After obtaining networks
from both databases, we proceeded to add the
information from WES and RNA-seq whether
the genes were mutated, differentially ex-
pressed or both, in addition to the information
obtained from the databases.

Network visualization and merging using
Cytoscape

Individual networks, created by using Cellnet
and String for each patient, were visualized
using Cytoscape [22]. Finally, CellNet and
STRING networks for each patient were merged
using the Cytoscape merge function to obtain
master networks for each patient. Sub-
networks were then extracted for further visual-
ization and analysis.

Identification of putative AR and ERG target
genes

A two-step approach was used. First, we col-
lected sequenced read files (bed format) asso-
ciated to public ChiP-seq assays targeting ERG
in TMPRSS2-ERG positive human VCaP pros-
tate cancer (GSM1328978, GSM1328979) and
RWPE-1 normal prostate epithelium cells
(GSM2195103, GSM2195106). BED Replicate
files per cell-type were merged together prior
performing peak calling (MACS 1.4; no model,
shiftsize =150 nts, P-value threshold: 1x107%),
followed by their genomic annotation to the
closest transcription start sites (annoPeakR).
This analysis allowed to pair the characterized
DEGs and mutated genes within the patient-
derived networks with genes presenting proxi-
mal AR binding sites (<10 kb distance) on VCaP
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ChIP-seq profiles. This primary analysis has
been validated in a second step by comparative
visual inspection of ChlP-seq profiles. For this
we used the gcGenomics platform, in which the
dedicated genome browser NAVi allows to visu-
alize any publicly available ChlIP-seq profile.
Specifically, we used NAVi to extract all AR and
ERG ChiIP-seq profiles for TMPRSS2-ERG posi-
tive human VCaP prostate cancer and RWPE1L
normal prostate epithelium cells. The pre-com-
puted datasets were displayed simultaneously
in the NAVi browser for comparative visualiza-
tion. Only tracks with an apparent high signal-
to-noise ratio were retained (VCaP-ERG:
GSM2058880, GSM1328978, GSM1378979,
GSM1328980, GSM1328981; VCaP-AR: GSM-
1410768, RWEP1-ERG: GSM927071, GSM-
2195110, GSM2195103; VCaP-GROseq: GSM-
2235682). Promoter-proximal ERG binding
was scored positive in this visual ‘validation’
(attributing a yellow color to the respective
nodes) only when there was a clearly visible
peak above the background at a scale of 30 to
300 (read count intensity; depending on the
signal and noise intensities of each profile), pro-
vided that there was no other known TSS closer

(see Supplementary Figure 6 for examples of
gain of ERG binding).

Data availability

The RNA-seq data sets generated in the con-
text of this study from 15 patient-matched
tumor and normal prostate tissue are available
in the Gene Expression Omnibus (GEO) reposi-
tory under the accession number GSE133626.
The corresponding Exome-seq data sets from
the prostates of the same 15 patients are avail-
able from the SRA database under the acces-
sion number PRIJNA555457. Data sets for the
pathway analysis shown in Supplementary
Figure 3 were downloaded from The Cancer
Genome Atlas (TGCA) as described in the meth-
ods section. The sequencing statistics of RNA-
seq and Exome-seq experiments are specified

in Supplementary Table 4.

Results

Overview of the approach

We chose prostate cancer as a solid tumor par-
adigm to integrate patient-specific differentially

expressed (DEGs) and mutated genes, using
information from protein-protein interaction
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Figure 1. Analysis strategy and characterization of patient-matched samples. A. Sketch of the workflow of this study.
B. Representative IHC images of cancer and corresponding matched normal samples from patient 15 (P15) stained
with an anti-AR antibody (top panel) or an anti-ERG antibody (bottom panel). C. RNA-seq data of ERG expression in
all the patients’ tumors relative to their matched normal. Differential ERG expression for all patient-matched dupli-
cate samples was supported by q value <10°° using DEseq (see Methods for details). D. Schematic illustration of 4
novel mutations in P1, P9, P11 and P14, which are predicted to have a high or moderate impact.

and gene-regulatory network databases [21, that consecutive sections of the same biopsy
23] (Figure 1A) to generate patient-specific differed only minimally in tumor cellularity
cancer-modified networks. Extensively charac- (>80% tumor cells), while the sections of N
terized normal and tumor frozen punch biop- biopsies from the same prostate had 0% tumor
sies from the same prostate were obtained cells. With one exception of patient 14 (P14),
from radical prostatectomy specimens of non- the proportion of infiltrating lymphocytes rela-
treated patients. 15 primary ERG-positive tive to tumor cells was close to 0%, only occa-
tumors (T) and matched normal tissue (N) were sionally rare scattered lymphocytes were
selected by expert pathologists on the basis observed in the stroma. The tumor sections of
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P14 showed up to 25% (area-based) mononu-
clear immune cells. Immunohistochemistry and
RNA-seq (biological duplicates) confirmed ERG
overexpression relative to the matched N sam-
ples and all samples revealed increased andro-
gen receptor (AR) levels (Figure 1B, 1C).

Identification of large-scale patient-specific
genomic changes using exome sequencing
analysis

To identify somatic variation, we performed
whole-exome sequencing (WES, Supplementary
Table 1). Variants were called using MuTect2,
which revealed between 49 and 114 mutations
in each cancer relative to the corresponding
normal prostate tissue; only mutations predict-
ed to have high or moderate impact were con-
sidered subsequently (Supplementary File 1).
Intriguingly, in addition to classical mutations,
for example in MYC, TP53, PTEN or compo-
nents of the PI3K and WNT pathways [1, 2, 24],
unreported patient-specific mutations were
observed in all samples (Supplementary Table
2; for validations see Supplementary Figure 1).
In P1 three hitherto unreported somatic muta-
tions affected the putative tumor suppressors
BANP [25], FEZ1 [26, 27] (Figure 1D) and
TINAGLZ1, which interferes with both integrin
and EGFR signaling [28]. We also found novel
mutations in MAPK7 (R400H) in P9, Annexin A1
(ANXA1, frameshift deletion; P11) and a TET2
mutation that truncates the protein and ren-
ders it non-functional (Figure 1D; P14). These
novel somatic mutations were seen only in sin-
gle patients. However, the nature of the muta-
tions, often truncating proteins of functional
importance, is likely to have a significant impact
in the individual case. Moreover, several of
those genes were found mutated in other
cancer types, supporting their functional
impact (Supplementary Figure 2). The ability of
TINAGL1 to inhibit progression and metastasis
of triple-negative breast cancer [28], provides
strong rational for such personalized genomic
analysis. Our data underscores the recent
notion that “significantly mutated genes” in
PrCa may occur at frequencies of only a few
percent [29].

RNA-seq analysis revealed patient-specific
altered tumor transcriptome

Mutations in regulatory elements (e.g., enhanc-
ers) and factors (e.g., transcription factors, epi-
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genetic modulators, enzymes) can affect global
gene expression. To integrate these effects in
the network analysis, we performed high-
throughput strand-specific paired-end total
RNA sequencing after ribosomal RNA depletion
from matched T and N biopsy sections as bio-
logical duplicates. As expected, T vs. N analysis
of the RNA-seq datasets identified tumor-spe-
cific differentially expressed genes (TS-DEGs;
Supplementary File 2) with diverse functional-
ities, comprising (i) cancer-specific deregulated
proto-oncogenes like c-MYC (all except PG,
P11, P13) but also (ii) pleiotropic factors like
the serine protease KLK4 (P4, P10, P14, P15),
a regulator of AR and the PISBK/AKT/mTOR path-
way [30] and of protease-activated receptors
[31]. Notably, deletion of KLK4 impairs PrCa
growth [30]. Moreover, (iii) epigenetic modifiers
like JMJD6 (P14), KDM4B (P5), KDM6A (P2,
P8), KDMEB (P6, P9), TET3 (P12, P14), KAT2A
(P3), KAT6A (P2) or HDAC9 (P2-5, P7-11, P13-
15) were differentially expressed in certain
tumors. In addition to protein-coding genes,
expression of (iv) certain regulatory RNAs was
altered in tumors [micro-RNAs (miRs)], as well
as long non-coding RNA (IncRNAs); for annotat-
ed miRs and IncRNAs, see Supplementary
Table 3. Of note, the p53-inducible IncRNA
NEAT, a promising therapeutic target whose
ablation generates synthetic lethality with che-
motherapy and p53 reactivation therapy [32,
33], was over-expressed in 7/15 PrCa sam-
ples. A prominent ERG binding site in VCaP and
in normal prostate epithelial RWPE-1 cells
about 4.6 kb upstream of the NEAT transcrip-
tional start site may account for this deregula-
tion (e.g., GSM2086313, using the qcGenom-
ics browser). The androgen-responsive INcCRNA
ARLNC1 [34] was up-regulated in 9/15 paired
samples but down-regulated in P5. HOTTIP, a
component of H3K4 methyltransferase com-
plexes [35] that can act as AR co-activator [36]
and was reported as negatively androgen-regu-
lated IncRNA [34] in prostate cancer cells, was
downregulated in 9/15 PrCa samples. This
included several, but not all of those with up-
regulated ARLNC1. A similar divergence was
seen with putative tumor suppressor and onco-
genic miRNAs that are actively considered for
clinical development [37]. For example, the
RNA levels of tumor-suppressor miR34a were
decreased in three samples (P10, P13 and
P15) but increased in P4 and not affected in 11
other samples. MiR222, which displays targe-
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Figure 2. Divergence of pathways and severity of pathway alteration in individual prostate cancer patients. A selec-
tion of pathways predicted by Panther to be significantly enriched in patient-specific DEGs are shown on the left of
the table while patient identification numbers are given at the bottom. Panther-computed P-values for the deregu-
lation of a given pathway are illustrated as blue-to-red color-coded rectangles; grey color indicated no significant
alteration. In the rectangles, the numbers of mutated and deregulated genes are given for each pathway and patient

(mutated/DEG; see Methods for details).

table oncomiR characteristics in liver, pancreas
and lung tumors [12, 37], was unexpectedly
down-regulated in 8/15 PrCa samples. Toge-
ther, these vastly divergent genetic mutations
and altered, often counter-intuitive gene
expression patterns revealed the need to deci-
pher for each individual patient the complexity
of the deregulated systems to identify key tar-
gets in critical signaling pathways and/or key
nodes in (sub)networks for concomitant inter-
vention at several functionally different levels
to generate synergistic effects.

Pathway analysis revealed deregulated path-
ways in a patient-specific manner

As first step towards the integration of the vari-
ous deregulated functions within each tumor,
we performed patient-centered pathways enri-
chment analyses for TS-DEGs using Panther in
the GenCodis3 environment. While several
pathways were commonly deregulated in PrCa
of several patients-particularly cadherin, Wnt
and integrin signaling-these analyses also
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demonstrated that in each patient different
sets of pathways were deregulated. Indeed, P5
and P6 had, respectively, the most and least
severely affected PrCa in terms of numbers of
deregulated pathways (Figure 2). This finding
was further supported by analysis of additional
52 patients from the TCGA repository
(Supplementary Figure 3). Moreover, different
numbers and components of a commonly
deregulated pathway were altered in different
patients. As pointed out previously [24], genetic
mutations of core Wnt pathway components
are rare in PrCa, while abnormal expression of
B-catenin is frequent, suggesting that this
deregulation occurs indirectly.

Integration of genomic and transcriptomic
datasets to generate patient-specific networks

Genes never function in isolation but rather in a
highly complex physiological context, which can
be illustrated by their communication with
other cellular components. To gain a more pre-
cise insight into the altered communication by
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patient-specific gene deregulations and muta-
tions, we reconstructed master networks from
all deregulated genes for each prostate cancer
by integrating the connectivity provided by the
validated STRING protein-protein and CellNet
transcription factor-target gene interaction
databases; in addition, we integrated all mu-
tated genes and putative ERG and AR target
genes identified by cognate binding sites in the
vicinity of the transcriptional start site (TSS)
[see Supplementary File 3 (cytoscape master-
file for each patient)]. Within these master net-
works, we studied first the components of the
canonical and non-canonical Wnt pathways
by merging all 183 deregulated/mutated genes
of 15 patients (Supplementary Figure 4A).
Displaying the affected components in color in
the context of the entire Wnt pathway connec-
tivity revealed an unexpected heterogeneity
(Supplementary Figures 4B-L and 5). In P2
(Figure 3A) an important signaling factor (phos-
pholipase PLCB1) for the production of second
messenger molecules (DAG, IP3) is mutated in
the phospholipase domain (V571M) and the
expression of multiple other master genes is
deregulated, including PPP3CA, GSK3B, MYC,
TP53, HDAC1 in addition to several WNT and
Frizzled (FZD) receptor genes. For several of
the upregulated DEGs (GSK3B, HDAC1, FZDS;
red arrows) drugs exist which have been
approved or are tested in clinical trials [39].
Several druggable genes (HDAC1, FZD5, FZDS,
and MAP3K9) are also upregulated in P9 but
not in P6 while P10 showed overexpressed
FZD8 (Figure 3B-D). Notably, ChIP-seq data of
TMPRSS2-ERG-positive VCaP and normal
RWPE1 prostate epithelial cells indicate that
WNT7B and HDAC1 are putative dual AR and
ERG target genes, most likely affected by
deregulated ERG and possibly, AR signaling
(Supplementary Figure 6A, 6B). Even more
strikingly, the genes of several key signaling
factors (PAK1, CREM) and of the epigenetic
modulator SMARCD3 have apparently acqu-
ired ERG binding capability in their promoter
regions during tumorigenesis (for SMARCC1,
Supplementary Figure 6C), as it was reported
for the ERG-mediated repression of checkpoint
kinase 1 [40]. In contrast, P6 showed a very
small number of deregulated components of
the core Wnt pathway (Figure 3B), comprising
three upregulated FZD receptors along with the
cognate WNT2 ligand acquired ERG binding
near the TSS in VCaP cells (Supplementary
Figure 6D, 6E). Such a scenario may be
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addressed with WNT inhibitor-based therapeu-
tics [39]. Patient-specific network alteration
was also seen for less frequently affected sig-
naling pathways. The PDGF and EGFR pathways
were affected seriously in 10 and 7 patients,
respectively (Figure 4A, 4E; merged networks
of alterations). However, the scenarios were
completely different across individual patients
(Figure 4; Supplementary Figures 7 and 8).
Important changes were seen in P4 and P5
(Figure 4B, 4C) but hardly any in P13 (Figure
4D). Note that P13, in contrast to the other
patients, did not reveal any upregulated drug-
gable target (red arrow in Figure 4). A similar
scenario of alterations was found for the EGFR
pathway in P5 and P15 (Figure 4F, 4G), while
much less nodes were affected in P8 (Figure
4H).

Crosstalk among different deregulated path-
ways in same patient

Finally, given that pathways do not act in isola-
tion, we extracted the affected components of
several pathways from the “master networks”.
This analysis showed very clearly that, for P2
and P5 several genes of the Wnt, cadherin and
integrin pathways are shared between two or
even three pathways (Figure 5); the same was
observed for other combinations of pathways
(Supplementary Figure 9). The functional con-
sequence of deregulation/mutation of such
genes is predicted to be serious and such
nodes may be candidates for therapeutic tar-
geting. It is worth pointing out that also genes
at the nexus of several pathways diverged from
one patient to another, as shown for P2 and P5
(Figure 5A, 5B). Indeed, hypothetical treatment
of these two patients would have to consider
different scenarios. In the PrCa of P2, common
to two pathways, there is a strong upregulation
of the expression of several WNT and FZD
genes, as well as GSK3B and LEF1. GSK3B,
FZD8, FRK and HDAC1 are druggable targets
and several compounds have been approved.
These genes are functionally connected with
important other upregulated genes of the Wnt-
pathway, such as TP53, MYC or PPP3CA. For
P5, only two FZD genes are overexpressed in
cancer, including ERG-induced FZD8. Moreover,
HDAC1 is mutated and MYC is repressed. On
the other hand, RANBP2 is uniquely overex-
pressed in P5. Given its multi-functional role in
scaffolding for the Ran-GTPase cycle and
nuclear pore complex binding, its overexpres-
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Figure 3. Patient-specific aberrations of the Wnt network are highly divergent. Global networks were established
from differentially expressed genes (DEGs, >2-fold) in duplicate patient-matched tumor vs. normal samples by
integrating the connectivities provided by STRING (protein-protein interaction database) and CellNet (transcription
factor-target gene interactions); this integration yielded a ‘master network’ of DEGs for each patient, revealing the
connectivities between deregulated genes. The DEG master network of each patient was complemented by the mu-
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ways were extracted. DEGs and mutated genes are depicted in color for (A), P2, (B), P6, (C), P9 and (D), P10 in the
background (grey nodes and connectivities) of all merged components of the Wnt pathways that are deregulated or

mutated in all 15 patients ( lementary Fi

re 4A). Genes for which approved drugs exist or are in clinical trials

were identified in drug databases and are indicated by arrows. The corresponding deregulated networks of the other
patients are shown in Supplementary Figure 4B-L. When known, connectivities are displayed as green (activation)
or red (inhibition) lines; unknown connectivities and protein-protein interactions are displayed as grey lines. DEG
specifics and mutations are color-coded as described below the figure.

sion may be an important component of the
deregulated network.

Novel approach for in silico validation of de-
regulated transcription factor cistromes

Even though the above patient-specific DEG
networks were derived from true RNA-seq
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duplicates and several mutations confirmed by
Sanger sequencing, we sought additional evi-
dence for validating the network. Given the per-
sonalized nature of our study, we excluded cell
line or animal studies as proxy. Organoids could
not be established either, as all prostates had
been deep-frozen. However, we decided to
exploit the knowledge existing in databases to
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Figure 4. Divergent alterations of the PDGF and EGFR signaling networks in each patient. Ten patients exhibited
serious aberrations in the PDGF and 7 patients in the EGFR signaling networks. (A) Merged network of alterations
(DEG, mutation) in the PDGF and (E) EGFR networks. Using this merged network as background (grey nodes and
connectivities) the aberrations in each individual patient are depicted in color. (B, C) Patients with heavily (P4, P5)
or (D), minimally (P13) affected PDGF networks. (F, G) Patients with heavily (P5, P15) or (H) minimally (P8) affected
EGFR networks.

provide external supportive evidence for the as follows: If a network contains upregulated
accuracy of the DEG networks. The rational was TFs, most if not all of the cognate targets have
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Figure 6. Upregulated TFs associated to DEGs identified for each prostate cancer patient (P1-P15). A large col-
lection of qualified (QC quality A to C) public ChIP-seq datasets for TFs was used for identifying their binding sites
(MACS peak calling, pval <10®°). Each binding site has been annotated to its most proximal gene promoter (10 kb
distance). Only TF-TG (target gene) associations for DEGs retrieved within the 15 patients have been retained. The
matrix presents upregulated TFs per patient, the heatmap corresponds to the number of associated DEGs.

been already identified by ChlP-seq. As tumor
cells may have TF targets beyond those of the
cognate tissue, we collected high confidence
targets (P<10%°) from all tissues available in
the qcGenomics database [41]. We then asked,
if the personalized DEG network of a patient
contained also the expected cognate TGs of a
given TF. In case a significant number of TGs
was detected, this provided additional evidence
for the accuracy of the network (Supplementary
File 4). Indeed, monitoring more than 60 dereg-
ulated TFs, the large majority of the correspond-
ing experimentally validated TGs were co-
deregulated (Figure 6, Supplementary Table 5).

In silico validation of deregulated ERG reveals
ribosomal protein genes as frequent targets in
addition to patient-specific ones

We tested the validation approach using the TF
ERG which is overexpressed in all patient sam-
ples due to the TMPRSS2-ERG fusion. In P1,
462 genes were deregulated of which 150 cor-
responded to ERG TGs. Notably, these ERG tar-
get genes contained a strong cluster of ribo-
somal protein and translation regulatory genes,
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like EEF1B2, UBA52 or NCL (Figure 7A). That
these genes are bona fide ERG target genes
was confirmed by gcGenomics profiling of ERG
ChlP-seq data sets revealing ERG binding in
VCaP (GSM2086309 to GSM2086314) but
not in RPWE (GSM2195103, GSM2195106,
GSM2195110) cells. While similar results con-
cerning the ERG activation of ribosomal genes
were seen for other samples (e.g., P8) with gen-
erally less ERG targets being deregulated, sev-
eral cancers did not reveal such effects despite
the overexpression of ERG (e.g., P10, P11, P13,
P15; Figure 7B, Supplementary Figure 10) but
in all cases a network of deregulated ERG tar-
get genes was noted. This variability may reflect
patient-specific alterations of the chromatin
landscape. Together these results show that
our novel in silico approach is a valuable meth-
od to validate patient-specific deregulated
TF-TG networks.

Several patient-specific overexpressed TFs
deregulate their cognate cistromes

To test if the above approach is also valid for
TFs other than ERG we established patient-
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Figure 7. Patient-specific networks of upregulated transcription factor target genes are highly dissimilar. (A) Network
of gcGenomics-predicted ERG target genes in P1 and (B) P10. ERG target genes were identified (see text) and the
ERG-regulated gene networks were extracted from the master network for each patient. (C) Networks of predicted
PAX5 target genes in P12 and (D) P4. Note the strong divergence between the ERG and PAX5 target gene networks
between different patient-matched samples. When known, connectivities are displayed as green (activation) or
red (inhibition) lines; unknown connectivities and protein-protein interactions are shown as black lines. DEGs and
gene mutations are color-coded as described below the figure. The blue circle in (A) reveals tumor-selectively ERG-
upregulated ribosomal and translation-associated genes in P1.

specific DEG TG networks for PAX5 (Figure 7C,
7D) and MAZ (Supplementary Figure 11). In
all cases the DEG networks are significantly
populated by PAX5 and MAZ target genes.
Note however, that the repertoire of target
genes for a given TF can significantly differ
from patient to patient, despite its common
overexpression. Interestingly, MAZ can also
bind to ribosomal protein genes. Indeed this
is fully supported by the corresponding
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ChlP-seq data using gcGenomics (GSM93-
5337, GSM1003613, GSM935272, GSM935-
335), even though data are only available
for K562, IMR9O, Hela and HepG2 cells. The
above integration of TF cistrome data fur-
ther supports our overall notion that in
individual tumors very different gene net-
works can be deregulated with different
sets of overexpressed potentially druggable
targets.
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Discussion

Subsequent to the discoveries of oncogenes
and tumor suppressors, and the concept of
drivers and passengers of tumorigenesis [42,
43], the enormous progress in genome-wide
sequencing together with a plethora of func-
tional genomics applications has raised hopes
that cancer genomics will rapidly reveal genome
alterations causal to the disease and provide
novel targets for therapy. However, like in
human genetics, we face a scenario in which
the origin of monogenic diseases has been
largely deciphered, while the deregulated net-
works underlying multigenic diseases remain
unknown. Indeed, despite several success
stories, the anticipated rapid translation from
cancer genomics to therapies did not occur.
Rather, these studies revealed an ever-increas-
ing complexity of multiple deregulated systems
in tumors, intra-tumor and inter-patient hetero-
geneity and the incomplete understanding of
the affected regulatory pathways operating
within and between cells and tissues. This com-
plexity is likely the major caveat for translating
cancer genomics towards therapy. Moreover,
the common approach of comparing hundreds
to thousands of patients to identify individual
targets may be conceptually problematic, as (i)
new single denominators, in addition to those
already discovered, may not exist and the
deregulation/mutation of multiple interacting
genes/pathways may be critically involved in
the origin/evolution of the disease. Moreover,
(i) intertumoral/inter-individual variation will
be disregarded by this approach, as well as (iii)
the altered cross-talks between pathways.
Finally, (iv) genes may exert distinct functions in
different pathways/communication networks
and (v) act as functionally divergent paralogues,
like the multiple Wnt genes.

Previously, numerous studies were performed
to unravel novel potential therapeutic targets
using large-scale genomic [2, 44, 45] and inte-
grative transcriptome-genome analyses [1, 8,
46, 47]. Multiple genome-wide association
studies led to the identification of more than
160 disease-susceptible loci, most of which
have unknown clinical implications [reviewed
by 3]. A recent study involving large numbers of
PrCa transcriptome profiles from 38 cohorts,
developed a classification system based on
pathway activation signals and presented a
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37-gene signature which can classify PrCa into
3 subtypes [48]. More recently, the analysis of
18 recurrent DNA- and RNA-based genomic
alterations, including androgen receptor vari-
ant expression and transcriptional output, and
neuroendocrine expression signatures revealed
RB1 as the only gene associated with clinical
outcome [4]. All these studies focused on com-
mon high-frequency targets. Somewhat dis-
turbingly, each study revealed different (sets
of) targets and a potential therapeutic applica-
tion was postulated in several cases. In addi-
tion, as pointed out in a recent report that high-
lighted the role of low-frequency mutations in
cancer progression [29], these approaches will
miss low-frequency targets. That all the above-
mentioned studies do not focus on individual
patients builds strong case for a thorough anal-
ysis of mutations/aberrations at the individual
level. In this respect, a recent network-based
integrative study used genomic, transcriptomic
and phosphoproteomic datasets to compare
treatment-naive and metastatic PrCa and sug-
gested personalized signatures in individual
patients [49].

To provide insight into the various aspects of
heterogeneity and with the aim of developing a
pathway/network-centric rather than a gene-
centric approach, we assessed the complexity
of alteration occurring during tumorigenesis in
the well-defined main class of prostate tumors
with the TMPRSS2-ERG fusion [6] by comparing
the tumor and its adjacent apparently normal
tissue from the same untreated patients.
Indeed, a recent report revealed that the use of
paired tumor-normal samples improved muta-
tion identification and decreased false-positive
rates [50].

This patient-centered network analysis revealed
highly divergent patient-specific deregulated
and mutated genomic landscapes. All 15
patients except P6 revealed aberrations (muta-
tion, expression) of one or several components
of the WNT, Cadherin and Integrin pathways
with large differences between deregulated
pathway components in each of the patients,
thus advocating the need for a patient-centered
analysis. As previously pointed out, targeting
the WNT pathway is challenging due to its com-
plex nature driving diverse biological processes
and cross-talk with multiple other pathways
[51]. Therefore, a thorough understanding
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Figure 8. Heat map revealing the extent of upregulation of genes whose products correspond to validated drug
targets. As discussed in the text, only gene products for which drugs have been approved or have been/are enrolled
in clinical trials are considered, irrespective of the disease for which they have been/are being developed. In the
network figures, these genes are marked with a red asterisk. Color codes represent log2-fold changes. P1 to P15,
patients 1 to 15. Color codes represent log2 fold change.

about each component of these interacting
pathways and key nodes as potential therapeu-
tic target, based on a systems medicine app-
roach [52] with patient-specific networks, is the
ideal way to move forward towards targeted
therapy. Indeed, patients who received a per-
sonalized therapy adapted to their genomic
aberrations, as recommended by a multidisci-
plinary molecular tumor board, had improved
oncological outcomes including survival [53].
Our patient-specific network analysis facilitated
the identification of key nodes involved in the
cross-talk between different deregulated path-
ways in the same patient. In this respect, we
have identified a significant number of genes
which correspond to validated drug targets
(Figure 8). The extent of these deregulated
genes varies largely between patients and sev-
eral highly upregulated genes occur in individu-
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al patients (e.g. P1, P7, P9, P12, P14). This
information will be useful to decide about com-
binatorial therapies for individual patients by
targeting key nodes of different deregulated
pathways. For example, in P2, the upregulated
direct ERG targets ITGAV and ITGA6 (Integrin
pathway) along with FZD8 and GSK3B (Wnt
and Cadherin pathway) could be used as poten-
tial drug targets for combinatorial therapy.
Similarly, ETS family members ERG and ETV1,
overexpressed due to the fusion with TMPRSS2,
were reported to directly suppress CHK1 pro-
moting tumorigenesis bypassing DNA damage
response [40]. Our patient-specific network
analysis in the present study revealed several
deregulated genes that acquired additional
ERG binding in their respective promoters.
These direct targets of ERG, which are involved
in different cooperating pathways, correspond
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to potential therapeutic targets. Based on the
above results and reflections, we propose to
develop therapeutic options in the context of a
personalized integrative functional genomics
analysis rather than trying to identify common
single targets from the analysis of large num-
bers of patients.

Around 97 percent of potential drugs undergo-
ing clinical trials fail to get FDA approval [54].
The off-target toxicity of cancer drugs undergo-
ing clinical trials [55] suggests the need for
more robust genetic analysis when predicting
the potential drug target. Multilayered patient-
specific network analysis will be useful to iden-
tify not only putative drug targets but also pre-
dict potential off-target effects resulting from
pathway cross-talks. Apart from identifying tar-
gets of potential therapeutic use, there is
strong need for development of novel drugs
which can target components of complex path-
ways like WNT signaling. In this respect, patient-
derived organoid cultures [56] which recapitu-
late the diversity of primary tumors may
facilitate screening of novel molecules against
these putative therapeutic targets.

In addition, there is a growing importance of
single-cell functional genomics done with circu-
lating tumor cells for diagnosis. Recent study
involving pan-cancer analysis of chromatin
accessibility revealed novel protein-DNA inter-
actions in primary cancer tissues [57]. Inte-
grating chromatin accessibility data from indi-
vidual patients can identify cancer-specific
novel regulatory connections which can be
used as potential drug target. Ultimately, addi-
tional dimensions like RNA regulators, such as
the newly described circular RNAs [58, 59], as
well as metabolomics changes, may be inte-
grated in this analysis to reveal what communi-
cation networks are at the origin, maintenance
and progression of the disease and which regu-
latory circuits can be modulated for therapeutic
purposes, including escape from resistance to
therapy.
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Patient 12 (CFTR- Chr:7, Pos:117232268; Insertion)

C AGGACCCACCTGCAGGATACGCCCATCCA
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Original AGGACCCACCTGCAGGATACGCCCA
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Patient 13 (RASSF8- Chr:3, Pos:26217950; R208H)

Supplementary Figure 1. Validation of four selected different types of mutations from Exome-seq analysis using
PCR coupled to Sanger sequencing. A. Single base deletion in MGA gene in patient 5. B. Single base insertion in
CFTR in patient 12. C. Missense mutation in MST1R in patient 14. D. Point mutation in RASSF8 in patient 13. Red
ovals highlight the regions of the mutations. Original (color-coded at the top) and mutated sequences are depicted
below each sequence for comparison.
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Supplementary Figure 2. Frequency of mutations in the 4 genes of Figure 1D in other cancer types (ACC, Adre-
nocortical Carcinoma; AML, Acute Myeloid Leukemia; BLCA, Bladder Urothelial Carcinoma; BRCA, Breast Invasive
Carcinoma; CC, Cervical Cancer; CCRCC, Clear Cell Renal Cell Carcinoma; CESC, Cervical Squamous Cell Carcinoma;
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cinoma; GBM, Glioblastoma; HCC, Hepatocellular carcinoma; HNSC, Head and Neck Squamous Cell Carcinoma;
LGG, Low Grade Glioma; LUAD, Lung Adenocarcinoma; LUSC, Lung Squamous Cell Carcinoma; MSC, Melanoma
Skin Cancer; NCCRCC, Non-clear Cell Renal Cell Carcinoma; NSCLC, Non-Small Cell Lung Cancer; PAAD, Pancreatic
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Supplementary Figure 3. Heatmap showing enriched pathways in 51 individual patients using gene expression data from TCGA for prostate cancer. Note that we
selected only datasets for which patient-matched normal and prostate cancer tissue was available. The Y-axis specifies the pathways predicted by PANTHER to be
enriched in the DEGs of each individual patient; numbers in parentheses indicate the number of total genes known to constitute the pathways. In the X-axis, TCGA

codes for patients are given. Each box provides the following information: total number of mutated genes/total number of DEGs affected in each patient for the con-
cerned pathway. P-values corresponding to the PANTHER-predicted alteration of a given pathway are shown in color code (scale is shown on the right of the table).
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Supplementary Figure 4. Patient-specific deregulations of the Wnt pathway components for the indicated patients (P). (A) Merged network of all 15 patients used a
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Supplementary Figure 5. Heat map showing differentially expressed genes of the WNT pathway. Color codes repre-
sent log2 fold changes. P1 to P15: Patients 1 to 15.
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Supplementary Figure 6. AR binding and acquisition of ERG binding sites in VCaP prostate cancer cells relative to
RWPE-1 prostate epithelial cells. Screenshots of gcGenomics browser NAVi displaying genes that show AR and/or
ERG binding in their promoter regions. (A), HDACZ1; (B), WNT7B; (C), SMARCCI; (D), WNT2; (E), FDZ8. ChIP-seq data
sets in (A and B) are from GEO accession numbers (from top to bottom) GSM2058880 (AR, VCaP), GSM1328978
(ERG, VCaP) and GSM927071 (ERG, RWPE-1), as specified. Note that in (A) ERG binding at the HDAC1 promoter is
seen in VCaP and RWPE-1 cells, while in (B) for WNT7B a promoter-proximal ERG binding is seen in ‘normal’ RWPE-1
but not in VCaP cells; this ERG binding site is distant from the AR binding site. The ERG ChIP-seq data sets in (C-E)
are from GEO accession numbers (from top to bottom) GSM927071 for RWPE-1, GSM1328978 for VCaP (both use
anti-ERG antibody Epitomics 2805-1), GSM2195110 for RWPE-1 and GSM2086313 for VCaP. GSM2195110 was
done by using Anti-ERG Clone 9FY Biocare #CM421 C, GSM2195110 used an anti-ERG antibody but did not provide
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the source. Note the consistency between corresponding experiments with different antibodies.
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Supplementary Figure 11. Patient-specific networks comprising MAZ transcription factor regulated DEGs. Majority of MAZ-regulated DEGs are not common among
(A) patient 7 and (B) patient 12 suggesting the need for a patient-centric approach.
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Abstract

Cancer genetics has led to major discoveries, including protooncogene and
tumor-suppressor concepts, and cancer genomics generated concepts like driver and pas-
senger genes, revealed tumor heterogeneity and clonal evolution. Reconstructing trajecto-
ries of tumorigenesis using spatial and single-cell genomics is possible. Patient stratification
and prognostic parameters have been improved. Yet, despite these advances, successful
translation into targeted therapies has been scarce and mostly limited to kinase inhibitors.
Here, we argue that current cancer research may be on the wrong track, by considering can-
cer more as a “monogenic” disease, trying to extract common information from thousands
of patients, while not properly considering complexity and individual diversity. We suggest
to empower a systems cancer approach which reconstructs the information network that
has been altered by the tumorigenic events, to analyze hierarchies and predict (druggable)
key nodes that could interfere with/block the aberrant information transfer. We also argue
that the interindividual variability between patients of similar cohorts is too high to extract
common polygenic network information from large numbers of patients and argue in favor
of an individualized approach. The analysis we propose would require a structured multina-
tional and multidisciplinary effort, in which clinicians, and cancer, developmental, cell and
computational biologists together with mathematicians and informaticians develop dynamic
regulatory networks which integrate the entire information transfer in and between cells
and organs in (patho)physiological conditions, revealing hierarchies and available drugs to
interfere with key regulators. Based on this blueprint, the altered information transfer in

individual cancers could be modeled and possible targeted (combo)therapies proposed.
KEYWORDS

complexity challenge, conceptual problems in cancer genomics, information transfer,
integrated network analysis

1 | INTRODUCTION

Abbreviations: APL, acute promyelocytic leukemia; AR, androgen receptor; CDK,
cyclin-dependent kinase; CML, chronic myeloid leukemia; DEG, differentially expressed gene;

ENCODE, Encyclopedia of DNA Elements (encodeproject.org); ERG, member of the
erythroblast transformation-specific (ETS) family of transcriptions factors; HCA, Human Cell
Atlas (humancellatlas.org); IHEC, International Human Epigenome Consortium
(ihec-epigenomes.org); RB1, retinoblastoma transcriptional co-repressor 1; SPC(+) alveolar
type Il cells, surfactant-associated protein C (SPC)-expressing alveolar type Il cells.

In order to develop our criticism to current concepts of cancer
genomics, we will first elute to the enormous complexity of the
human body which relies on dynamic regulated information

transfer reminiscent of social networks.

Int. J. Cancer. 2022;150:1569-1578.
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The genome of a fertilized human zygote contains already all the
information that is necessary to develop and sustain an extremely com-
plex system like the human body. A fully developed human comprises
37 trillion cells® which are functionally and spatially organized according
to a highly sophisticated body plan, able to respond to diverse sets of
internal and environmental cues. None of these cells lives in isolation or
without instructive functional information. Development, death, survival
and homeostasis of the individual components and higher-order commu-
nities in such multicellular organisms depend on elaborate intracellular
and intercellular communication. This communication is ensured by net-
works of information transfer within and between organelles, cells,
organs and other body compartments to coordinate and direct growth,
survival, differentiation/functionalization and metabolism. These com-
partments are dynamically regulated, frequently redundant and highly
plastic to maintain functionality. This system of information transfer
occurs at multiple organizational levels by employing a multiplicity of
molecular actors.

The actors (nodes) in this network are highly diverse, both from their
chemical constitution and mode of communication. Small chemical sub-
stances or peptides, like steroid hormones may act in endocrine, para-
crine, autocrine or intracrine fashion to initiate a network of responses in
cells distant to the origin of the signal, or they may regulate intracellular
events corresponding to differentiation state and acquired func-
tionalization of a given cell/organelle in a given body compartment. Ste-
roid hormones have evolved to fit into pockets of their cognate nuclear
receptors which can act as inducible transcription factors and trigger a
plethora of temporally organized gene-regulatory responses of sets of
genes, which then regulate multiorgan phenomena like pregnancy. Pro-
tein ligands can bind to cell membrane receptors and upon forming com-
plexes with associated/regulatory factors, initiate for example kinase
cascades. Proteins may homodimerize or heterodimerize or form mul-
ticomponent complexes which together with other specified cell
components can generate specialized machineries, like ribosomes,
or transcription and epigenetic regulatory complexes.

Communication means are as diverse as the nature of the
actors. Enzymatically catalyzed reactions are at the basis of meta-
bolic pathways, regulatory cascades and cell fate phenomena and
the involved enzymes are often organized as directional (oxidative
phosphorylation, kinase cascade) or cyclic (Krebs cycle, cell cycle)
information transfer, regulated by feed-back or feed-forward
processes or external cues. While these systems have a variable
degree of autonomy, they are limited by their cell fate destiny and
overarching control systems if certain checkpoints are surpassed
(differentiation, apoptosis and autophagy).

2 | THEFUNCTIONS OF THE BODY AND
OF HUMAN SOCIETIES RELY SIMILARLY
ON NETWORK-BASED INFORMATION
TRANSFER

The level of organization and complexity of the human body resembles

that of human societies. Indeed, both systems are similarly

hierarchically organized and depend on dynamic, responsive, flexible,
redundant and resilient networks of information transfer.2? In the case
of human communities, this communication has various means of infor-
mation exchange, such as written or visual information transfer (media),
individual contacts and relationships, regulations (laws), control (police)
and defense (military) systems and hierarchies (government). All these
have approximations of information transfer in the human body. There
is one written law, the genetic information encoded in the genome and
its architecture. Access to this information can be restricted (epige-
netics) and it can be edited to target invaders (immune defense). Repair
and regeneration systems could be regarded as “healthcare system”
equivalent of cells and organs. Fail-safe systems like tumor surveillance,
autophagy, apoptosis or senescence are reminiscent of police and
judicial systems. Information transfer by social interactions corre-
sponds to (hetero)oligomeric interaction of molecules and there is a
close approximation of industry with molecular machines in the cell.
Governance and administration find their counterparts in the gene
regulatory systems, such as transcription regulation, epigenetics,
chromatin architecture and a large variety of effects exerted by regu-
lators like the huge and still underexplored class of noncoding RNAs.
Thus, the human body functions like a society (family, city and coun-
try), with spatially organized compartments (organelles, cells and
organs) that rely on communication networks established between
the system components.

3 | MODELING AND REPRESENTATION
OF BIOLOGICAL NETWORKS AND THEIR
PERTURBATIONS

Communication can be formally represented as a network* of
elements (“nodes”—molecules) and their connections by lines
(“edges”—protein-protein, DNA-protein, transcription factor-target
gene, enzyme-substrate or any other type of interaction). A biologi-
cal network corresponds to a theoretical model for the functional
flux of information through any type of biological structure (eg, cells
or subcellular structure, groups of related cells and organs).®> Various
aspects (eg, importance of a note, type and strengths of connections)
can be integrated and mathematical graph theory-based analyses®
can provide crucial information about the nature and function of a
network. The network theory has been extensively applied to under-
stand the topological information transfer in brain, but its use in
developmental or cancer biology” is rather limited.

Molecular changes, such as mutations and deregulation of gene
expression, are perturbations of the corresponding biological network.
The functional consequences of perturbations can propagate along
the connected edges and affect a subset of nodes. These systemic
spreading effects have been inferred recently in a patient-matched
analysis of cancer and normal prostate epithelial tissues.® This analysis
has two important messages. First, the deregulated and mutated
genes are not isolated but form a subnetwork within larger communi-
ties, exemplified here by the Wnt-network? (Figure 1A). Note that a
similar network reveals the global interactions established by the
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FIGURE 1 Legend on next page.
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International Committee on Intellectual Cooperation (ICIC),*° which
included leading scientists like Albert Einstein and Marie Curie
(Figure 1B). The second key message from the patient-matched analy-
sis was that even for the very similar group of ERG (member of the
erythroblast transformation-specific (ETS) family of transcriptions
factors)-positive prostate cancers, subnetworks of differentially
expressed genes (DEGs) within the Wnt network varied from one
patient to the other.2 Thus, the Wnt network was commonly affected
in the large majority of patients, but the deregulation affected very
different subsets of interconnected actors.

Dramatic systemic effects can be exerted by perturbation of
higher-order regulatory actors. If for example epigenetic regulation is
impaired, the normal spatio-temporal flux of genetic information is
altered and can lead to pathologies, including cancer. It is indeed
known that epigenetic mediators are deregulated or mutated in
cancer.'*? Determining how disease-associated variations affect
(the hierarchical organization of) cellular networks and revealing the
consequences (propagation) of perturbations are therefore important
diagnostic steps to guide treatment. Bioinformatics tools for the
hierarchical analysis of networks have been developed (Ref. 13 for a
recent example) and the predictions can be validated by genome engi-

neering in model systems.

4 | PERTURBATIONS CAN ADAPT TO CELL
TYPE-SPECIFIC COMMUNICATION
NETWORKS TO BECOME ONCOGENIC

The term “oncogene” describes the capacity of a mutated or over-
expressed gene, to turn a cell into a cancer cell. However, this does
not mean that any type of cell becomes a tumor cell when an onco-
gene is activated, or a tumor suppressor gene is inactivated. Even
though cancer can develop in all cell types of the body, the genetic
causes of tumorigenesis are generally cell-type selective. The most
convincing experiment demonstrating oncogene susceptibility of a
single tissue—and resistance to the oncogenic insult of the others—
was the inducible ubiquitous expression of K-Ras®*?V. These mice
developed specifically lung adenomas and adenocarcinomas despite
harboring the oncogene in all cells.** Furthermore, in a subsequent
study, the Barbacid team showed that only one type of lung cell inte-

G12v

grates the K-Ras perturbation into its signaling network to allow

tumorigenesis to occur and identified the cancer-initiating cells by

demonstrating that only SPC+ (surfactant-associated protein C) alveo-
lar type Il cells were able to form hyperplastic lesions that progressed
to adenocarcinomas.’® These data show that an oncogene does not
function universally and that a particular perturbation can lead to can-
cer only in the context of a defined cell type which will develop along a
defined developmental trajectory. Mutational landscaping across major
cancer types confirmed the existence of tumor type-specific muta-
tions.2® It is therefore the specific makeup of the regulatory network at
a certain differentiation state and its programmed evolution which
cooperates with a (or multiple) perturbation(s) to drive a cell into a can-
cer trajectory.

However, that single perturbations like K-ras G12V drive tumor-
igenesis on their own like in the mouse model is rare. Over the
approximate 1 to 50 years of tumor evolution, multiple mutations
accumulate, facilitated upon perturbation of control mechanisms and
at diagnosis a patient's tumor frequently has a large number of
genetic aberrations, including not only point mutations but also spe-
cific chromosomal translocations and other genome lesions which
provide a growth advantage. Mutations are generally separated into
one or a limited number of “driver” and a large number of “passen-

1617 which cooperate in the context of a given cell

ger” mutations
fate trajectory, albeit the precise impact of low-frequency mutations
on a given cancer trajectory still has to be elucidated.*® From the
perspective of an individual tumor, also high impact passenger muta-
tions should be considered for potential effects on the entire
perturbed cellular communication network.

In addition, tumors evolve clonally and present at diagnosis
frequently with intratumoral heterogeneity.'® Even the tumor micro-
environment of a single tumor can diverge spatially.?° Thus, as it has
been pointed out by Mel Greaves, each cancer is unique, has its spe-
cific history and most of its complexity can be explained by classical
evolutionary principles, including the appearance of clones during

tumor evolution and therapy.1?2123

5 | THE “HALLMARKS OF CANCER”
DESCRIBE PERTURBATION OF
COMMUNICATION NETWORKS

The recent increase in “hallmark” publications242’

appears indicative
of the desire to understand (patho)physiological phenomena in a

systemic manner by trying to connect molecular data with complex

FIGURE 1

Networks of information transfer in the human body and human societies are similar. (A) Wnt-network (gray) in which differentially

regulated (red lines upregulated, blue downregulated) and mutated (pink sphere) genes are displayed in color. From exome-seq and RNA-seq analysis
of in a patient-matched prostate cancer and normal prostate epithelium. Yellow spheres, ERG target genes, asterisk indicates gain-of-regulation by
ERG due to the TMPRSS2-ERG fusion (from Ref. 8). Pink oval, mutated gene; rectangles represent upregulated (red line), downregulated (blue line),
ERG (yellow filling) or ERG and AR (green filling) target genes; red asterisks reveal genes which acquired ERG-binding in prostate cancer cells.

(B) Graph representing the social network established by the International Committee on Intellectual Cooperation (ICIC).1° Founded in 1922 by the
League of Nations, its goal was to coordinate the restructuration of knowledge circulation. The ICIC involved leading scientists, including Albert
Einstein and Marie Curie, and generated a complex network between transnational institutions and societies, congresses and individuals. Node sizes
illustrate the number of connections. This file is licensed under the Creative Commons Attribution 4.0 International license [Color figure can be

viewed at wileyonlinelibrary.com]
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(aberrant) physiological functions. Indeed, the huge amount of “big
data” information continuously accumulating from functional geno-
mics, proteomics and metabolomics asks for being integrated in a con-
ceptual framework for exploitation.

This framework has been provided by the conceptualization

of hallmarks of cancer?®??

comprising cell-autonomous features
like unrestricted proliferation, replicative immortality, adapting metab-
olism, opposing genome integrity and escaping suicidal death
programs, as well as cell-interactive phenomena like angiogenesis
induction, immune evasion and promotion of inflammation, invasion
and metastasis. All these hallmarks correspond actually to regulated
communication networks adapted to specific cell biological phenom-
ena. They can be formalized as simplified directional networks
with generally known key players?® or as more sophisticated signaling
networks powered by Google Maps.® Figure 2 illustrates the der-
egulated subnetworks corresponding to the eight hallmarks of cancer,
extracted from a complex network of DEGs that was established by
comparing mutations and gene expressions in two ERG-positive pros-
tate cancers with the patient-matched normal prostate epithelium.
Thus, in principle, with the large number of functional genomics
technologies, already existing data from international efforts like
International Human Epigenome Consortium (IHEC), Encyclopedia of
DNA Elements (ENCODE), ongoing efforts like the Human Cell Atlas
(HCA)PY3? and the complex disease-focused LifeTime Initiative®®
together with an enormous, continuously increasing sequencing
power, we should be able to construct cell/organ-specific networks
from healthy individuals as a blueprint and superimpose the

deregulated networks from individual cancers.

6 | GENE-CENTRIC ANALYSES DISREGARD
THE SYSTEMIC CHANGES IN CANCERS

Traditionally, molecular (cancer) biologists are used to gene-centric
views and analyses. While this has led to important discoveries, like
(proto)oncogenes and tumor suppressor genes and therapeutics like
Herceptin (Trastuzumab), there has been rather limited conceptual
progress in cancer therapy. Indeed, cancers that are now considered
curable, such as acute promyelocytic leukemia (APL) or chronic mye-

loid leukemia (CML) are caused by specific genetic events, including

the generation of fusion genes due to chromosomal translocations. In
such cases, targeting the cancer cause is promising and has been a
major success in APL by destabilizing the PML-RAR« fusion protein®*
and in CML by targeting the kinase in the BCR-Abl1 protein.3>3¢ |t
has been argued that CML is not a typical cancer but corresponds
rather to a premalignant condition'? and it is likely that in these cases
the limited number of persistent cancer-causing aberrations accounts
for the therapeutic success. Certain childhood leukemias, like B-cell
precursor acute lymphoblastic leukemia, may be even linked to con-
temporary lifestyle and be preventable.3” However, in contrast to
pediatric leukemia and cases like CML and APL, leukemias of the adult
can be highly complex.

In solid cancers, where a plethora of genetic aberrations accumu-
late before the disease becomes diagnosed, progress in the sense of
providing novel therapeutic paradigms beyond the mere announce-
ment of having identified a novel target, be it a protein-coding or one
of the ever-increasing numbers of regulatory RNAs, has been scarce.
This is somewhat surprising, given the huge amount of studies on can-
cer genomes, transcriptomes, epigenomes, metabolomes and other
global profiling of cancer cells. Therefore, the question appears justi-
fied, if there could be a conceptual issue with today's cancer
genomics.

One of the salient features of current cancer genomics studies is
that tumor DNAs and transcriptomes of hundreds to thousands of
patients are sequenced. Indeed, the cancer genome atlas program
stores over 2.5 petabytes of genomic, epigenomic, transcriptomic and
proteomic data (www.cancer.gov/tcga). In the majority of studies, the
aim is to find common alterations in a defined set of patients, gener-
ally according to histopathologic and clinical parameters. This includes
studies analyzing 2000 breast cancer tumors®® or an integrative geno-
mics analysis of advanced prostate cancer.>” Examples of prototypic
conclusions derived from the latter study are “... retinoblastoma tran-
scriptional co-repressor 1 (RB1) loss in 21% of cases ...,” “...71.3% of
cases harbored androgen receptor (AR) pathway aberrations ...” or
“non-AR related clinically actionable alterations include aberrations in
the PI3K pathway (49%), DNA repair pathway (19%), RAF kinases
(3%), CDK (Cyclin-dependent kinase) inhibitors (7%) and the WNT
pathway (5%).” Remarkably, although mutations in coding regions play
a fundamental role in the development of cancer, a recent reanalysis

of the frequencies of cancer gene mutations in the United States

FIGURE 2 Deregulated hallmarks of cancer correspond to subnetworks of deregulated genes. (A) lllustration of the DEG networks in an ERG-
positive prostate cancer (patient 1), derived from comparing tumor and adjacent normal epithelium. Due to its complexity, the global DEG
network cannot be displayed such that nodes and edges are discernible (central illustration). From this network, subnetworks have been extracted
which contain DEGs that are part of the ensemble of genes constituting a particular cancer hallmark.2° (B) Similar network established for another
ERG-positive prostate cancer (patient 5). Note that despite their classification as ERG-positive prostate cancers, the deregulated networks differ
dramatically. Networks depicted in A and B were established from exome-seq (to identify mutations) and RNA-seq (to identify differentially
expressed genes) and integration of validated transcription factor-target gene and protein-protein interaction information. Note the dramatic
differences for each of the “hallmarks of cancer” between the prostate cancers of patient 1 and 5, both of which are ERG-positive. For details,
see Ref. 8. Triangles reveal mutated, diamonds mutated and deregulated genes; oval shapes indicate up-regulated (red lining, pink color)
upregulated and drug-targetable (red lining, green color) or downregulated (blue lining, orange color) genes. When known, connectivities are
displayed as green (activation) or red (inhibition) lines; unknown connectivities and protein-protein interactions are shown as black lines [Color

figure can be viewed at wileyonlinelibrary.com]
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TABLE 1

Gene name

CDK1

FRK

HDAC1

BMX

CAMK2B
CCNB1
CDK5

FZD8

GJA3
GJB1
GJB2
HSP90B1

MAP2Ké6

MAPK12
MAPKé6
MMP15
MT-CO2
PIM1
PRKAA2

PTKé6

SHH

TXN

Drug name

SELICICLIB (Clinical Trial)
ALVOCIDIB (Clinical Trial)
REGORAFENIB (Approved)
NINTEDANIB (Approved)
VANDETANIB (Approved)
MOCETINOSTAT (Clinical Trial)
PANOBINOSTAT (Approved)
BELINOSTAT (Approved)
VORINOSTAT (Approved)
ROMIDEPSIN (Approved)
ABEXINOSTAT (Clinical Trial)
FOSTAMATINIB (Approved)
ZANUBRUTINIB (Approved)
NIFEDIPINE (Approved)
SELICICLIB (Approved)
OLOMOUCINE (Clinical Trial)
ALSTERPAULLONE (Clinical Trial)
CARBAMAZEPINE (Approved)

CARBENOXOLONE (Approved)
CARBENOXOLONE (Approved)
CARBENOXOLONE (Approved)
GEDANAMYCIN (Clinical Trial)
RADICICOL (Clinical Trial)
TRAMETINIB (Approved)
SELUMETINIB (Clinical Trial)
BINIMETINIB (Approved)
COBIMETINIB (Approved)

FOSTAMATINIB (Approved, Clinical
Trial, orphan drug)

SORAFENIB (Approved)
SORAFENIB (Approved)
MARIMASTAT (Clinical Trial)
CELECOXIB (Approved)
MITOXANTRONE (Approved)
METFORMIN (Approved)

VANDETANIB (Approved)
DASATINIB (Approved)
VISMODEGIB (Approved)

PX-12 (Clinical Trail)
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Existing drugs that target genes in the cancer hallmark DEG networks of patients 1 and 5

Drug action

Pan-CDK inhibitor

Pan-CDK inhibitor

Small molecule multikinase inhibitor

Small molecule multikinase inhibitor

Small molecule multikinase inhibitor
Isotype-selective inhibitor of class 1 HDACs
Pan-HDAC inhibitor

Pan-HDAC inhibitor

Pan-HDAC inhibitor

Pan-HDAC inhibitor

Pan-HDAC inhibitor

Small molecule multikinase inhibitor

Small molecule inhibitor of Bruton's tyrosine kinase
Calcium channel blocker

Pan-CDK inhibitor

Pan-CDK inhibitor

Pan-CDK inhibitor

Inhibits Wnt/p-catenin signaling by binding to an allosteric site of
the Wnt ligand receptor FZD8

Gap junction blocker

Gap junction blocker

Gap junction blocker

Hsp90 inhibitor

Hsp90 inhibitor

Reversible allosteric MEK inhibitor
Non-ATP-competitive MEK inhibitor
Non-ATP-competitive MEK inhibitor
Small molecule MEK inhibitor

Small molecule multikinase inhibitor

Targets the RAF/MEK/ERK pathway
Targets the RAF/MEK/ERK pathway
Broad-spectrum inhibitor of all major MMPs
Cyclooxygenase-2 (COX-2) inhibitor
Nanomolar inhibitor of PIM1 kinase

Metformin activates AMPK in certain cells. PRKAA2 encodes
AMPK subunit a2

Small molecule multikinase inhibitor
Small molecule multikinase inhibitor

Inhibits the transmembrane protein Smoothened homolog (SMO) to
inhibit the Hedgehog signaling pathway

Small-molecule inhibitor of TXN

Note: This list may not be exhaustive and does not imply that patients should be treated with these compounds which may lack target and/or tissue
selectivity. What this table is supposed to show is that drugs targeting nodes within the DEG networks, which are even part of the genes constituting
cancer hallmarks, can be developed and there is no reason to exclude that more active or selective drugs can be generated for combinatorial therapy

approaches.
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concluded that cancer genetics is less dominated by high-frequency,
high-profile cancer driver genes than studies limited to a subset of
cancer types have suggested in the past.*® Such frequencies of
genome aberrations deliver important information on the possible
alterations in a specific cancer type and are useful for patient stratifi-
cation. However, they do not provide comprehensive insight into the
altered molecular communication networks of a given patient and do
not consider mutations that affect regulatory regions of genes.

In the case of prostate cancer genome-wide association studies
have predicted more than 160 disease-susceptibility loci, but for the
large majority the molecular basis of this susceptibility and their clini-
cal implications have remained elusive.** Numerous large-scale geno-

d,37424¢ some of

mic or transcriptomic studies have been performe
which predicted therapeutic targets, but in a more recent study RB1
was the only gene associated with clinical outcome.*” Essentially,
despite all the efforts, an improved 37-gene signature for stratifica-
tion*® was the most tangible result of these studies, which are all
based on common high-frequency alterations. Similarly, for other solid
cancers, many gene “markers” and “signatures” have been described
which have value for prognosis and patient stratification, but did not

lead to a therapeutic breakthrough.

7 | THE NEED FORASYSTEMIC
INDIVIDUALIZED ANALYSIS OF CANCER
WITH INTEGRATED DRUG TARGET
PREDICTION FOR COMBINATORIAL
THERAPIES

We have previously argued in favor of a personalized analysis of der-
egulated networks in cancer. This premise was based on the observa-
tion of large intertumoral/interindividual variation of signaling
pathways in a very well-defined subset of prostate patients, including
functionally divergent paralogues like the many Wnt genes and their
receptors, and leading to different cross-talks between pathways, not
even considering the potential impact of tumor-specifically altered
expression of noncoding regulatory RNAs.2 Patient-specific networks
have also been derived from an integrative genomic, transcriptomic
and phosphoproteomic study which compared treatment-naive and
metastatic prostate cancer.*

There is no doubt that cancer at the time of diagnosis, is an
advanced disease with complex temporally deteriorating genetic
lesions. While lesions may have a different impact on the various com-
munication modules within the overall deregulated network (eg, der-
egulated Myc is present in several “hallmarks” in Figure 2), many other
genes are directly or indirectly connected, forming a deregulated net-
work, thereby affecting the overall communication that ultimately
drives the hallmarks of cancer. We propose to comprehend the der-
egulated communication network in cancer analogously to the
“omnigenic” model for complex genetic traits formulated by Boyle, Li
and Pritchard.>° This model considers that most traits are first directly
affected by a modest number of “core genes” with specific roles in

disease etiology. In the cancer case this could correspond to key

nodes, such as oncogenes, tumor suppressors, but also other (cell/tis-
sue-specific) master regulators. Secondly, upon realizing that the “core
genes” contribute only a small part to the total heritability, the
“omnigenic” model proposes that a large number of genes could make
nonzero contributions in the context of cell regulatory networks. In
the cancer case, these genes would be those that are interconnected
within the cancer vs normal deregulated communication networks.

Such a deregulated communication network is a formalistic tool
that can be mathematically described and extracted. It is unlimited to
input data. While it uses genes as nodes, the direct and indirect
effects of other molecules and systems that communicate with genes
and their products can be integrated, including signaling molecules,
metabolomes, epigenomes, chromatin landscapes and architecture.
“Multiomics” approaches are frequently used and even the informa-
tion encoded in chromatin architecture can be integrated into gene
regulatory networks.>® In addition, spatial and single-cell genomics
can be added to provide information about tumor architecture and
clonality.

This network analysis reveals also the large differences between
individual cancers, even if they belong to the same type. In Figure 2
we show the deregulated network of cancer hallmark genes for
patient 1 (Figure 2A) and patient 5 (Figure 2B), both of which are clas-
sified as castration-resistant ERG-positive prostate cancers. It is
immediately obvious, that both the number and the genes vary dra-
matically in the two cases. Indeed, we have observed that even for
the same signaling pathway, the affected genes (mutated, der-
egulated) are often distinct, and that common deregulation is rather
an exception.® As a consequence, also the drugs that have been
developed—albeit not necessarily for prostate cancer—and are avail-
able, vary for the two cancers (Table 1).

Indeed, a salient feature of these networks is the integration of
information on targets for existing drugs, especially approved ones
and those at clinical trial stage. We have incorporated this information
in two prostate cancer patient-specific deregulated networks in
Figure 2 (green colored nodes). Such information could assist the test-
ing/development of combinatorial therapies, ideally in patient-derived
cell systems. The efficacy of therapies can be monitored by liquid
biopsy-based genomics analyses, which together with single-cell/
spatial genomics of the primary tumor (clones) will provide informa-

tion on drug response/escape and clonal tumor evolution.

8 | CONCLUSIONS

Qur vision is an international human gene network consortium that
assembles, generates and integrates the various levels of information to
establish networks governing the development and homeostasis of nor-
mal cells and tissues and compares them to diseased cells and tissues
to define the deregulated networks. This would be a multidisciplinary
effort of clinicians, and cancer, developmental, cell and computational
biologists, together with mathematicians and informaticians. The goal
would be to develop a huge dynamic database of communication net-

works at scales from cells to organs to the entire organism. Existing
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high-quality information in databases and from various consortia,
including the HCA and LifeTime Initiative, will already provide an enor-
mous resource to start with. Various omics, including metabolomics,
should be integrated. Individual (patient-matched) cancer data would
be compared in this resource with normal cell/organ information and
differential networks established. Such an effort, even with the inclu-
sion of millions of additional personalized omics analyses would be neg-
ligible in cost, compared to the 1 trillion bipartisan infrastructure bill
that has been signed by the US president in November 2021. This
effort should include strong informatics components for machine learn-
ing/artificial intelligence-assisted modeling,>? the development of cell
fate trajectories in healthy and diseased states from single-cell and spa-
tial genomics and comprise the computational prediction, design and

testing of combinatorial therapies.
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Abstract: Prostate cancer is a common malignancy affecting a significant portion of the male
population worldwide. The complexity and heterogeneity of this disease require a
comprehensive understanding of the underlying molecular mechanisms driving its progression
and treatment resistance. Cancer deregulation can occur not only through direct mutations in
genes that regulate the genome, such as structural mutations or mutations in promoters or
enhancers but also through deregulations in long non-coding RNAs (IncRNAs) and microRNAs
(miRNAs), which can affect the expression of mRNA and proteins indirectly. In this study, we
investigated the role of deregulated ncRNAs in the context of differential inter-individual gene
regulatory networks (GRNs) established for each patient. Through the integration of high-
throughput omics data, including gene and non-coding RNA expression profiles from a cohort of
primary ERG-positive prostate cancer patients, a systematic analysis was performed to identify
dysregulated ncRNAs among individuals. Functional enrichment analyses were conducted to gain
insight into the involved biological pathways and GRNs were constructed by integrating
deregulated miRNA-target interactions. Validation experiments were performed with dual-
luciferase assays to confirm direct targeting between miRNAs and their putative target genes.
Additionally, quantitative real-time PCR was performed to validate expression levels of selected
miRNA target genes after exposing the LnCaP cell line to agomirs and antagomirs. Validation
experiments provided evidence for the functional relevance of the identified mRNA-miRNA
interaction network, indicating the potential utility of these targets in personalized miRNA
network-based diagnosis and treatment of prostate cancer. By enhancing our understanding of
the molecular mechanisms of deregulation in prostate cancer, these findings offer valuable
insights for the development of personalized therapeutic approaches, reinforcing the correlation

with our hypothesis.



INTRODUCTION

Cancer is a complex and heterogeneous disease with numerous genetic and
environmental causes. Prostate cancer is the most frequently diagnosed malignancy and the fifth
leading cause of cancer-related deaths among men worldwide!. The heterogeneity of prostate
cancer tumors characterized by individual differences highlights the importance of molecular
markers in facilitating diagnosis and predicting the prognosis. The occurrence of disease often
results from complex systems involving multiple levels, rather than being attributed to the
alteration of a single molecule. Therefore, the detection of a single molecular biomarker from
groups of patients with the same disease is often not reliable in a set of heterogeneous patients
because of the complexity of the disease?. To address this challenge, one potential solution lies
in the identification of network biomarkers, which include the altered molecules (nodes) as well
as their links to others (edges)3. Network analysis provides a comprehensive perspective beyond
individual disease genes and offers insight into key regulatory pathways that contribute to
disease pathogenesis. Although the impact of individual genes may appear minimal, their

collective influence can significantly impact regulatory pathways.

MicroRNAs (miRNAs) are small, noncoding regulatory RNA molecules of 19 to 25
nucleotides that play a crucial role in the regulation of gene expression®. By binding to
complementary sites in the 3’ untranslated regions (3'UTRs) of specific target mRNAs, these
regulatory RNAs post-transcriptionally control gene expression, resulting in mRNA degradation.
Over 2000 human miRNAs have been identified, regulating up to 60% of gene transcripts. A
significant proportion of these miRNAs are located inside or near regions associated with cancer
(such as fragile sites, minimal regions of loss of heterozygosity, minimal regions of amplification,
and common breakpoints®), making them highly relevant to tumor growth, invasion, and
metastasis by either increasing the activation of oncogenic pathways or restricting the expression
of tumor suppressors®. Advances in deep sequencing, high-throughput screening, and chip
technologies have provided valuable insights into the dysregulation of miRNAs in cancer cells.
The characterization of miRNAs in human tumors has not only enhanced our understanding of
carcinogenesis but also paved the way for the identification of novel tumor markers and the

development of innovative therapies®.



It is noteworthy that miRNAs can act as either oncogenes or tumor suppressors,
depending on the specific tissue in which they are expressed’, as demonstrated by several well-
studied examples such as miR-178, miR-21°, miR-221/222%13, |et-714%6, miR-15/16718, miR-
200'%21, and miR-34222%, Dysregulation of miRNAs has been linked to the hallmark features of
cancer?®, and restoration of expression of certain critical downregulated miRNAs has been
investigated as a potential treatment for various cancers?’-?°. Increasing the understanding of the
molecular dysregulation underlying carcinogenesis has created opportunities to use miRNAs as
diagnostic and prognostic indicators. Signature of miRNAs such as miR-10b in glioma3°, miR-29 in
head and neck squamous cell carcinoma3!, and miR-34 in lung3?3* and prostate cancer® have
been identified and studied in clinical trials. Research on miRNA-based cancer treatments is
attracting increasing attention due to miRNAs ability to target multiple effectors involved in cell

differentiation, proliferation, and survival3®.

Dysregulation of miRNA expression may lead to disruption of tumor-related gene
expression, thereby affecting tumor development and progression3’. In prostate cancer,
understanding the miRNA-mRNA interactions and their involvement in various signaling
pathways is critical. In fact, prostate cancer is known to share numerous signaling pathways with
other cancers such as Wnt, TNF and TGF-beta pathways, and also has unique pathways such as
androgen receptor (AR) pathway that play a crucial role in its development3®. In these
complicated processes, miRNAs participate in many key cellular pathways and their interactions
with many mRNAs can be leveraged when designing therapies to effectively disrupt cancer cell
signaling networks®®.Advancements in bioinformatics and gene expression analysis have
facilitated the construction of gene networks specific to cancer samples, allowing for the
identification of potential oncogenic and tumor-suppressive miRNAs*. By analyzing miRNA
targets, a large number of possible miRNA-mRNA interactions can be identified and ranked

through network analysis, providing valuable insights into the disease mechanisms.

In this study, we used a network-based approach that leverages multiple types of ‘omics
data' to identify functionally relevant disease targets. We performed extensive duplicate strand-
specific total (Ribo-minus) RNA-seq and analyzed both coding and non-coding RNAs. Through

bioinformatic analysis, we identified deregulated miRNAs and mRNAs by comparing tumor (T) vs



normal (N) samples and we generated personalized differential miRNA-mRNA networks for each
patient to show inter-individual heterogeneity. Through experimental validation, we confirmed
the direct interaction between miRNAs and target genes, supporting the development of

personalized miRNA-based therapies.

MATERIALS AND METHODS

1. Patient Sample Collection

Samples were collected within 15 minutes after radical prostatectomy to minimize delays
between de-vascularization and freezing and preserve labile molecules. Punch biopsies
("carrots") of 8 mm diameter were taken from tumor and adjacent normal tissue, snap-frozen in
liquid nitrogen, and stored at -80°C. Carrots were cut into sequential sections for genomic and
transcriptomic studies, and tumor cellularity was monitored by histological staining to ensure

homogeneity of tumor and normal sections stored in LoBind tubes at -80°C.

2. Tissue Microarrays

Paraffin-embedded prostate cancer and adjacent normal tissue cores were used to create
tissues microarrays (TMA). EZ-TMA™ Manual Tissue Microarray Kit was used in a semi-automated
way to perform the TMA on the histopathology platform of the Biological Resource Center (CRB)
of the Toulouse University Hospital. Two cores of 2 mm in diameter from two representative
tumor areas and two adjacent normal tissues of each selected prostatic sample were included in
paraffin recipient blocs. Immunohistochemistry was done using an automated Dako Autostainer
with ERG, EZH2, and Androgen Receptor antibodies. The results were analyzed under an optical
microscope by two pathologists (CM and M-LQ), blinded to the clinical data after digitalization of
the slides using a Hamamatsu NanoZoomer slide scanner (Japan) at 20x magnification with a

resolution of 0.46 microns per pixel.

3. Whole Exome Sequencing (WES)

WES, we utilized the QlAamp DNA micro kit according to the manufacturer's instructions
to isolate DNA from both frozen tumor and matched normal tissue. GATC Biotech processed the

DNA for exome capture, library preparation, and sequencing, using the SureSelectXT Human all



exon V6 kit to capture exons, preparing libraries with the TruSeq DNA library preparation kit, and
performing Paired-End 125-base sequencing on an Illlumina HiSeq 2000. We used the Genome
Analysis Toolkit (GATK, 3.7) with default parameters to process the FastQ files provided by GATC
Biotech for variant discovery. To assist with WES analysis, we created a WES Analysis Pipeline
written in Python3 and managed with the Snakemake (3.13.3) tool and followed the authors'
instructions to use the Genome Analysis Toolkit (GATK, 3.7). For a detailed description of the
analysis pipeline, please refer to the comprehensive documentation available in the American

Journal of Cancer Research*!.

4. RNA-sequencing

RNA was extracted from frozen tumor and matched normal tissue using Trizol reagent
(Invitrogen), and two independent sets of adjacent 10 um sections (N=10) were used to generate
biological duplicate RNA-seq data. Consistent data between the biological duplicates were
retained for subsequent analysis. The RNA was then purified using the RNeasy MinElute Cleanup
Kit and sent to GATC Biotech (Konstanz, Germany) for strand-specific, paired-end, and Ribo-
minus total RNA-seq. To prepare the RNA-seq libraries, ribosomal RNA depletion was performed
with the Ribo Zero gold kit (lllumina Inc.), and libraries were created using the TruSeq stranded
total RNA library prep kit (Illumina Inc.). The samples were sequenced using lllumina HiSeq 2000
with either paired end 125 base or 150 base reads, and the resulting FastQ files were used for
further analysis. For a detailed description of the analysis pipeline, please refer to the

comprehensive documentation available in the American Journal of Cancer Research*.

5. Differential miRNA and mRNA Analysis

The patient-specific differential gene expression analysis was done using DESeq2 (version
1.20.0)*?, following a general set of steps with specific parameters. The analysis involved
matching raw read counts from normal/tumor duplicates as input. The following steps were
employed: First, rows with a sum of counts equal to 0 were removed. CooksCutoff was disabled,
and an alpha value of 0.01 was used. Genes were then selected based on an adjusted p-value of
< 0.01. Additionally, genes with a log2 fold change (Log2FC) < -1 or > +1 were subsetted.

Subsequently, the resulting list of Differentially Expressed Genes (DEGs), IncRNAs (DEIncRs) and



miRNAs (DEmiRs) for each patient was obtained (Supplementary File 1). Subsequently, these

were utilized for further analysis and investigation.

6. Identification of miRNA Targets

The predicted target genes of microRNAs were obtained from the miRDB online
database®®. This particular miRNA target prediction program relies on support vector machines
(SVMs) and high-throughput training datasets. It considers a predicted target with a prediction
score greater than 80 to be highly likely to be accurate. Therefore, only genes with a target score
above 80 were chosen for each miRNA and a list of predicted targets of patient-specific

deregulated miRNAs was generated (Supplementary File 2).

7. Construction of miRNA-mRNA Regulatory Networks

To generate gene networks for individual patients, we extracted a list of mutated genes
from whole exome sequencing (WES) data and a list of differentially expressed genes (DEGs) from
RNA-seq data, comparing tumor samples to normal samples for each patient. To explore the
interactions among these genes, we utilized STRING, a Protein-Protein Interaction (PPI) database,
and CellNet, a gene regulatory network (GRN) database. For the STRING database, we merged
the list of genes (including DEGs and mutated genes) while retaining the attribute information
indicating whether a gene was differentially expressed or mutated. Duplicated genes were
removed, and the merged list was queried against the STRING database using an in-house script.
We only considered edge interactions that had been experimentally validated, as denoted by a
non-zero exp_score. Regarding the CellNet database, we queried only the differentially
expressed genes on the target genes and retrieved along the cognate transcription factors. We
selected interactions that had a z-score >5. After obtaining the networks from both databases,
we incorporated additional information from the WES and RNA-seq data, specifying whether the
genes were mutated, differentially expressed or both. This information was integrated with the
existing database information. The individual master networks generated by using CellNet and
STRING for each patient were visualized using Cytoscape. Next, we proceeded to query the target
genes of all patient-specific deregulated miRNAs within Cytoscape, using the patient-specific

networks we had generated earlier. This step involved identifying and extracting the target genes



of the deregulated miRNAs from the patient-specific networks, allowing us to focus specifically
on the interactions between these miRNAs and their respective target genes. By incorporating
this information into Cytoscape, we were able to visualize and analyze the interactions between
the deregulated miRNAs and their target genes within the context of the patient-specific

networks.

8. Gene Function Enrichment Analysis

For each patient, pathway enrichment analysis was performed on the target genes of
deregulated miRNAs. This analysis was conducted using the ShinyGO web server (version 0.77),
a comprehensive annotation database that combines information from Ensembl and STRING-db.
During the analysis, a significance threshold of FDR < 0.05 was applied to determine which
pathways were considered significant. The fold enrichment scores were used to assess the
significance of the resulting pathway enrichments. Only categories with a minimum of ten

overlapping genes were selected.

9. Cell Lines and Cell Culture

Human prostate cancer cells (PC3) were cultured with F-12K Medium (Kaighn's
Modification of Ham's F-12 Medium) containing 10% fetal bovine serum, 40 pg/mL gentamicin.
Androgen-dependent human prostate cancer (LNCaP) cells were cultured in RPMI 1640 w/10mM
HEPES supplemented with 10% fetal calf serum, 1mM PyrNa and 40 ug/mL gentamicin. All cells

were maintained in a 5% CO2-humidified atmosphere at 37°C.

10. RNA Oligonucleotides and Cell Transfection

The miR-27a-3p inhibitor, miR-27a-3p mimic, miR-23a-3p inhibitor, miR-23a-3p mimic,
the inhibitor scrambled control and the mimic scrambled control were purchased from
GenePharma Company (Shanghai, China). Cell transfection was performed by using HiPerfect
Transfection Reagent (Qiagen) according to the manufacturer’s protocols. LNCaP cells were
cultured in 6-well plates and transiently transfected with miR-27a-3p inhibitor at a final
concentration of 50 nM; miR-27a-3p mimic at a final concentration of 5 nM; miR-23a-3p inhibitor

at a final concentration of 50 nM; miR-23a-3p mimic at a final concentration of 5 nM. At 24h



post transfection, the transfected cells were collected for quantitative real-time PCR analysis.

Primer sequences are provided in Supplementary Table 1.

11. RNA Isolation and Quantitative Real-Time PCR Analysis

Total RNA was isolated by using TRIzol reagent (Invitrogen) according to the
manufacturer’s instructions. All samples were then treated with DNase | (Thermo Fisher) to
remove contaminated genomic DNA from the purified RNA samples, followed by RNA cleanup
using the RNeasy MinElute Cleanup Kit (Qiagen). RNA samples (1 ug each) were then reverse-
transcribed into cDNA using the SuperScript™ IV First-Strand Synthesis Kit (Invitrogen).
Quantitative real-time PCR reaction was performed by using the LightCycler® 480 SYBR Green |
Master kit and device (Roche). Relative quantities of mRNA levels were determined using the 2-
AACT method after normalization with GAPDH as a standard reference. All samples were
performed in triplicate and the average CT was normalized by subtracting the average CT of
GAPDH (ACT). All samples were compared to the nontreated LNCaP cell line by subtracting the
experimental ACT from the ACT value of the treated LNCaP cell line as the calibrator. Data are
presented as the mean t standard deviation and statistical analyses were conducted in the
Microsoft Excel software platform, using an independent Student's t-test, assuming equal

variance between the two groups. Statistical significance was defined as p=0.05.

12. Dual Luciferase Reporter Activity

pmirGLO-GATA6 3'-UTR and pmirGLO-TOX3 3'-UTR vectors were constructed by inserting
the amplified 3’-UTR of human GATA6 (513-1091 bp) and TOX3 (153-528 bp) into pmirGLO
luciferase reporter plasmid, separately. The cloning process involved the use of Sacl (NEB) and
Xbal (NEB) restriction enzymes to cut both the vector and the genes, followed by ligation using
T4 DNA ligase (Thermo Fisher) enzyme. The cloned vectors were then verified by DNA
sequencing. For the luciferase assay, PC3 cells were seeded into 12-well plates and pmirGLO
empty vector and pmirGLO-GATAG6 3'-UTR vector co-transfected together with miR-27a mimic or
negative control (NC) while pmirGLO empty vector and pmirGLO-TOX3 3'-UTR vector co-
transfected together with miR-23a mimic and NC, by using Lipofectamine™ 2000 Transfection

Reagent (Invitrogen). 24h after transfection, cells were lysed for luciferase activity measurement.



Luciferase assay was performed using the Dual-Luciferase reporter assay system (Promega).
Reporter activity is expressed as the ratio of firefly to renilla activity. Each assay was repeated

three times and the standard deviation within each sample is noted.

RESULTS and DISCUSSION

1. Profiling and Significance of Dysregulated miRNAs in ERG-positive Prostate Cancer
Patients

We have previously analyzed prostate cancer patient samples with the aim of integrating
patient-specific differentially expressed genes (DEGs) and mutated genes*'. This integration
involved utilizing data from protein-protein interaction and gene-regulatory network databases
to construct patient-specific GRNs. To obtain highly characterized samples, we worked with 15
primary ERG-positive prostate tumors and matched normal tissue samples that were carefully
selected by expert pathologists. The selection criteria ensured that consecutive sections of the
same biopsy exhibited minimal differences in tumor cellularity, while the sections of normal
biopsies from the same prostate showed no presence of tumor cells (0% tumor cells). To identify
somatic variations, we performed whole-exome sequencing, which allowed us to examine the
genetic differences between the cancer samples and their corresponding normal prostate tissue.
By using the MuTect2 tool, we called variants and discovered a range of 49 to 114 mutations in
each cancer sample compared to the corresponding normal tissue. Additionally, to identify
deregulated gene expression levels, we conducted high-throughput strand-specific paired-end
total RNA sequencing on the matched tumor and normal biopsy sections, ensuring biological
duplicates. Prior to sequencing, we performed ribosomal RNA depletion to eliminate unwanted
RNA. The analysis of the RNA-seq datasets comparing T and N samples revealed tumor-specific
differentially expressed genes with diverse functions, including oncogenes, tumor suppressors,
and transcription factors. Here, in addition to protein-coding genes, we focused on changes in
the expression of specific regulatory RNAs, such as miRNAs and IncRNAs (Supplementary File 1).
The log2 fold change values were calculated based on the average expression levels obtained
from duplicate RNA sequencing (RNA-seq) of tumor and normal samples. Figure 1 illustrates the
heat map analysis showing that different sets of DEmiRs and DEIncRs deregulated in each patient.

The heat map uses a color scale to represent the expression levels of DEmiRs and DEIncRs. Genes

10



showing increased expression in tumor samples are represented in red, indicating upregulation,
while genes with decreased expression in tumor samples are shown in blue, indicating
downregulation. The varying color intensities and patterns provide insights into the expression

and heterogeneity of these non-coding RNA molecules across the patient.

Several of these ncRNAs are known to play roles in the progression and treatment of
prostate cancer. For instance, the IncRNA LINC00844 acts as a tumor suppressor and is down-
regulated in metastatic prostate cancer cells, indicating that LINCO0844 mechanistically
facilitates AR binding to chromatin and its expression is crucial for promoting NDRG1 gene
expression, which suppresses migration and invasion of prostate cancer*. It is also
downregulated in 13 of the 15 PCa samples. Another IncRNA, HOTTIP, promotes prostate tumor
proliferation and triggers cisplatin resistance. Knocking down HOTTIP inhibits the Wnt pathway,
leading to cell death, cell cycle arrest, and increased sensitivity to cisplatin in prostate cancer
cells*. HOTTIP is also downregulated in 9 of the 15 PCa samples. Furthermore, overexpression
of LINC00665 is associated with reduced overall survival in prostate cancer patients, indicating
its tumor-promoting role and potential as a prognostic and diagnostic tool*®. It is also
overexpressed in 12 of the 15 PCa samples. The IncRNA Nuclear enriched abundant transcript 1
(NEAT1) is involved in tumorigenesis, functioning as a p53 target gene that supports oncogene-
expressing cells*’. High NEAT1 expression correlates with poor prognosis in various cancers,
including prostate cancer. In prostate cancer, elevated NEAT1 expression confers resistance to
androgen receptor antagonists, leading to a worse disease outcome®®. It is also overexpressed in
7 of the 15 PCa samples. The Prostate Cancer Associated Transcript 1 (PCAT-1) was identified as
a cell proliferation activator in prostate cancer and has been detected in other types of cancer as
well*. It is also implicated in DNA damage repair by reducing the RNA levels of the tumor
suppressor BRCA2>°. Additionally, PCAT-1 overexpressing cells showed increased sensitivity to
Poly ADP Ribosyl Phosphatase (PARP) inhibitors, commonly used to treat tumors with BRCA1 or
BRCA2 mutations. Thus, PCAT-1 expression may serve as a prognostic marker and an indicator of
PARP sensitivity®?. It is upregulated in 12 of the 15 PCa samples. Furthermore, PCA3 was
approved by the FDA as a diagnostic test for prostate cancer, making it the first FDA-approved

test based on IncRNA. PCA3 has become a useful noninvasive test for prostate cancer, with
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improved specificity, positive predictive value, and negative predictive value compared to serum

PSA testing®l. It has also upregulated in 12 of the 15 samples.

A similar patient-specific divergence was seen in putative tumor suppressor and
oncogenic miRNAs that are considered active for clinical development. For instance, miR-205
consistently shows downregulation in prostate cancer, in line with its reported tumor-
suppressive role. Ectopic expression of miR-205 has been found to diminish the Androgen
Receptor (AR) and Mitogen-Activated Protein Kinase (MAPK) signaling pathways, leading to
repress tumor development in prostate cancer®>°3, It is downregulated in 13 of the 15 PCa
samples. Surprisingly, miR-222 has been identified as an oncogene in neural crest cancers,
including glioblastoma multiforme>* and thyroid papillary carcinoma??® while in prostate cancer it
shows a tumor-suppressing role!! and is downregulated in 9 out of 15 PCa samples. In prostate
and bladder cancer, miR-27a functions as a putative tumor suppressor by modulating
proliferation and epithelial-mesenchymal transition®>. It is downregulated in 4 of the 15 PCa
samples. In a study on let-7b, its upregulation in tumor-associated macrophages (TAMs) was
found to contribute to their tumor-promoting role by affecting the expression of inflammatory
cytokines. Inhibiting let-7b reduces angiogenesis and mobility of prostate cancer cells, suggesting
its potential as a modulator for macrophage polarization®®. It is upregulated in 3 out of 15 PCa
samples Additionally, miR-34a acts as a suppressor in various tumors by targeting genes involved
in cell cycle control and apoptosis, similar to p53-mediated phenotypes?3?>. While miR-34a was
downregulated in 3 out of 15 PCa samples, it was unexpectedly upregulated in one patient. While
certain miRNAs and IncRNAs exhibited deregulation across most patients, there were specific
miRNAs and IncRNAs that showed deregulation only in individual patients. For instance,
miR1251-Patient11(P11), miR155-(P9), miR17-(P12), miR200c-(P12), and miR561-(P6) were
found to be deregulated in specific patients. Furthermore, different sets of DEmiRs and DEIncRs
were observed in each patient, emphasizing the unique molecular profiles exhibited by each
individual. Additionally, some miRNAs, such as miR34a and miR646, were downregulated in
certain patients but upregulated in others, further underscoring the heterogeneity of miRNA
expression patterns within the patient population. The significantly different patterns of altered

gene expression emphasize the importance of understanding the complex deregulated systems
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in each patient. This understanding is crucial for identifying key targets in critical signaling

pathways and essential nodes in networks.

2. Unveiling Regulatory Landscapes: Functional Insights from Dysregulated miRNAs

After identifying the sets of deregulated miRNAs in each patient, we analyzed their
corresponding targets using a computational prediction algorithm such as miRDB. miRDB is an
online database that uses a bioinformatics tool called MirTarget to predict miRNA targets. This
tool was developed by analyzing a vast number of miRNA-target interactions derived from high-
throughput sequencing experiments. Within this database, common features associated with
miRNA binding and target downregulation have been identified and utilized in predicting miRNA
targets through machine-learning methods like support vector machines (SVMs). All the
predicted targets in miRDB are assigned target prediction scores ranging between 50 and 100, as
determined by the new computational target prediction algorithm. A higher score indicates
greater confidence in the prediction. Notably, a predicted target with a prediction score
exceeding 80 is highly likely to represent a real target. Consequently, in our experiment, we
exclusively considered target genes with prediction scores exceeding 80. By examining the
targets of dysregulated miRNAs in each patient, we sought to identify the specific genes and

pathways influenced by these dysregulated miRNAs in individual cases.

After generating a list of predicted target genes for each deregulated miRNA in the
patients, we conducted a cross-referencing analysis with our dataset of DEGs to identify and
classify DEmiRs-target genes for each patient. Subsequently, pathway enrichment analysis was
performed on the target genes of deregulated miRNAs. For this analysis, we utilized the Panther
pathway database on ShinyGO web server version 0.77, which is a comprehensive annotation
database integrating information from Ensembl and STRING-db. A significance threshold of FDR
< 0.05 was applied during the analysis to determine the pathways considered significant and only
categories with a minimum of ten overlapping genes were selected for further analysis and

consideration.

While analyzing the deregulated pathways in each patient, we noted that certain

pathways, such as Cadherin, Integrin, and Wnt pathways, were consistently deregulated across
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a majority of the patients*!. However, it is important to note that each patient also displayed
deregulation in different sets of pathways, indicating the personalized nature of these
alterations. To gain a better understanding of the similarities and differences in these
deregulated genes and pathways among the patients, we conducted a more detailed
examination of selected pathways. Figure 2 illustrates the list of deregulated pathways for four
patients (P1, P6, P9, P12) and focuses on the representation of deregulated genes within the Wnt
pathway since the Wnt pathway emerged as a common deregulated pathway in all four patients.
We observed distinct patterns of dysregulated miRNAs and their target genes within the miRNA-
MRNA interaction Wnt networks. For instance, in P9, miR2052 and let7b were found to be
upregulated, while their target genes were downregulated. The deregulated target genes of
miR2052 were identified as FZD7 and FZD3, whereas the deregulated target genes of let7b
included FZD3, MEF2C, ZNF827, and ACTA1. Similarly, in P12, miR25 was found to be upregulated,
and its target genes included FZD10 and ACTC1. The deregulation of these specific genes and
miRs play important roles in regulating Wnt signaling pathway, which is known to be involved in
cancer development and progression. FZD3, FZD7 and FZD10 are cell surface receptors that play
acrucial role in transducing Wnt signaling. Activation of Frizzled receptors by Wnt ligands initiates
a signaling cascade that regulates various cellular processes, including cell proliferation,
differentiation, and migration. ACTA1 and ACTC1 participate in the organization and dynamics of
signaling complexes, influencing the transmission of Wnt signals. Dysregulation of ACTA1 and
ACTC1 can disrupt the cytoskeletal architecture and affect the proper functioning of the Wnt
pathway>’. Furthermore, other important deregulated genes, such as ZNF827 and MEF2C, which
function as transcription factors, have also been identified. These genes play crucial roles in
regulating the expression of various target genes and contribute significantly to the observed

molecular changes®®.

However, the significance of miRNA therapy lies in the possibility that a single miRNA may
be responsible for the deregulation of multiple genes. Instead of focusing on each gene
individually, we can potentially target multiple genes by focusing on miRNAs like let7b. This

highlights one of the most important features of miRNA-targeted therapy, where a single miRNA
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can regulate multiple genes and pathways, offering a potential avenue for therapeutic
intervention.

3. Unraveling Complexity: Construction and Analysis of miRNA-mRNA Regulatory
Networks

To gain a comprehensive understanding of the miRNA-mRNA interactions, it is important
to expand our focus beyond specific pathways, such as the Wnt pathway. While studying
pathway-specific dysregulation may provide valuable insights into these specific mechanisms, it
might restrict the exploration of the broader miRNA-mRNA interactions. By integrating the
differentially expressed targets of all deregulated miRNAs, we can construct a more extensive
network, enabling the identification of shared regulatory mechanisms that extend beyond
individual pathways. This comprehensive approach reveals common regulatory elements and
potential master regulators that govern multiple pathways, leading to a more holistic
understanding of the underlying molecular processes. Therefore, in our study, we constructed
patient-specific networks that incorporate the differentially expressed predicted targets of all
deregulated miRNAs. First, we identified the potential target genes of the miRNAs by using the
miRNA target prediction database*® and then these target genes were subsequently integrated
into the patient-specific network, allowing us to assess their differential expression patterns

within the tumors.

Figure 3 illustrates the miRNA-mRNA interaction networks for two distinct patients,
providing a visual representation of the intricate regulatory relationships between miRNAs and
their target genes within each patient's specific context. The miRNA-mRNA interaction networks
illustrate the nodes and edges that represent miRNAs and their corresponding target genes,
respectively. Each node represents a specific miRNA or target gene, while the edges denote the
regulatory interactions between them. The connections between nodes indicate the miRNA-
mediated regulation of target genes, highlighting the complexity and interconnectedness of
these regulatory relationships. By visualizing the miRNA-mRNA interaction networks for different
patients, we can observe patient-specific variations in the regulatory landscape. These variations
may arise from differences in miRNA expression profiles, alterations in target gene expression,

or distinct regulatory mechanisms operating within each patient's tumor.
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When we performed a more detailed analysis on patients within the network, we
observed instances where miRNAs target genes that have diverse functional roles. For example,
some of the target genes identified in P7 includes transcription factors such as GATA6 (by miR-
27a), TOX3 (by miR-23a) or ONECUT2 (by miR22, miR-27a). These transcription factors play
critical roles in gene expression regulation and can have wide-ranging effects on cellular
processes. When targeted by miRNAs, the expression levels and activity of these transcription
factors may be modulated, leading to downstream effects on the activation or repression of other
genes within the regulatory network. Similarly, in P12, our analysis revealed the deregulation of
several transcription factors, including SOX4 (by miR-4664), ONECUT2 (by miR-4697), FOXI1 (by
miR-4664), and SALL3 (by miR-646). By modulating the activity of these transcription factors,
miRNAs can indirectly impact the expression of downstream genes, leading to cascading effects
on cellular processes and potentially contributing to prostate cancer progression. Indeed, within
the miRNA-mRNA interaction network, we also came across crucial genes such as tumor
suppressors and oncogenes that exhibit intriguing expression patterns. Taking P15 as an example,
we observed the downregulation of tumor suppressor genes ITIH5 and DCC, along with the
unexpected downregulation of the MET oncogene. Tumor suppressor genes play a vital role in
maintaining genomic stability and inhibiting tumor development. The downregulation of ITIH5
and DCC suggests a potential disruption of their tumor-suppressive functions in this particular

patient.

The observed variations in miRNA expression patterns among patients reflect the
heterogeneity of prostate cancer at the molecular level. Different patients exhibit unigue miRNA
expression profiles, which in turn lead to distinct miRNA-mRNA target interactions within their
respective networks. These patient-specific miRNA-mRNA interactions contribute to the intricate
regulatory complexity underlying prostate cancer progression. Moreover, the diverse sets of
deregulated miRNAs and their target genes among patients suggest the involvement of multiple
pathways and biological processes in prostate cancer. Each patient's network exhibits unique
regulatory modules and functional components that contribute to disease pathogenesis.

Understanding these patient-specific regulatory elements can provide insights into the
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underlying molecular processes driving prostate cancer and identify potential biomarkers and

therapeutic targets tailored to each patient's unique profile.

However, as the network analyses conducted in this study involved predicted miRNA
targets, it is essential to verify whether these targets are indeed the direct regulatory targets of
the corresponding miRNAs and ascertain their regulation by miRNAs. In order to gain a deeper
understanding of the functional implications of the identified miRNA-mRNA interactions,
experimental validation through in-vitro tests becomes necessary. To address this objective, we
aimed to perform a series of in-vitro experiments to provide experimental evidence supporting
the predicted miRNA-mRNA interactions and to validate their regulatory relationship. By
undertaking these experimental assays, we aimed to enhance the reliability and credibility of the

network analyses by validating the predicted interactions in a biological context.

4. Validating miRNA-mRNA Interactions: Confirming the Building Blocks of Regulatory
Networks

One commonly employed experimental approach for validating miRNA-mRNA
interactions is the luciferase reporter assay. In our study, we investigated the regulatory
relationship between miR-27a and the gene GATA®6, as well as miR-23a and the gene TOX3. To
determine whether these genes are indeed the target genes of their respective miRNAs, we
employed the Dual-Luciferase reporter assay. The Dual-Luciferase assay involves the
construction of a pmiRGLO reporter vector containing the putative target sequences (3° UTR
region of GATA6 or TOX3) of the miRNAs of interest downstream of a luciferase gene and Renilla
control gene. Simultaneously, we introduced either miR-27a mimic or miR-23a mimic to mimic
the overexpression of the respective miRNAs. As a control in our study, we included a negative
control mimic to account for any non-specific effects of the transfection process. Additionally,
we transfected separately the miR-27a and miR-23a mimics into an empty pmirGlo vector as
unregulated vector control. This control allowed us to assess the specific effects of miR-27a and
miR-23a overexpression on our target genes, independent of any potential regulatory elements
present in the vector. By including this unregulated vector control, we were able to differentiate
between the effects of the miRNA mimic itself and any potential regulatory elements present in

the vector backbone. This control is essential for ensuring the specificity of the observed changes
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in gene expression that can be attributed solely to the modulation of miR-27a or miR-23a levels.
Following the transfection, we measured the luciferase activity in the transfected PC3 cells. By
guantifying the luciferase activity, we were able to determine whether miR-27a and miR-23a
directly target GATA6 and TOX3, respectively. A significant reduction in luciferase activity in PC3
cells transfected with the miRNA mimics, compared to the negative controls, indicated a direct
interaction between the miRNA and the target gene, validating their regulatory relationship

(Figure 4).

To further validate the regulatory effects of miRNAs on their target genes, modulation of
miRNA expression levels through miRNA overexpression or knockdown techniques was
performed. Although we aimed to explore the personalized aspect of miRNA regulation, our
study was limited by the availability of only frozen tissue samples. Unfortunately, we could not
utilize patient-derived xenografting (PDX) with primary tumor tissue as the patients no longer
exhibited prostate cancer. Despite this substitution introducing certain limitations, we proceeded
with the analysis to gain insights into the interplay between miRNAs and their targets. For this
investigation, we focused on the LNCaP cell line as a surrogate, treating it as a representation of
a new patient. By introducing miRNA mimics or inhibitors, we manipulated the expression levels
of miR-27a and miR-23 in LNCaP cells. Then we compared the expression levels of the 8 predicted
target genes (MAP7, SATB2, HNF4G, ESRP1, GATA®6, ITGA8, SMOC2, SCG2) in cells with

manipulated miRNA expression by RT-PCR (Figure 5).

During our detailed examination of the patients, we focused on functionally important
transcription factors and discovered distinct patterns of deregulation for instance in the GATA6
and TOX3 genes. We observed that these deregulation patterns varied depending on DEmiRs. For
example, while miR-27b upregulation led to the downregulation of GATA6 and its interaction
with different genes, miR-27a downregulation resulted in GATA6 upregulation and its interaction

with other target genes. A similar pattern was also observed for the TOX3 gene (Figure 5A).

Specifically, when we separately manipulated LNCaP cells using miR-27a and miR-23a
mimics and inhibitors, we observed changes in the expression levels of some predicted target

genes. The observed deregulation of these target genes provided further evidence of the
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regulatory effects of miR-27a and miR-23a on gene expression. The observed deregulation of the
target genes substantiated the regulatory effects of miR-27a and miR-23a on gene expression.
However, it is noteworthy that certain discrepancies were observed between the RT-PCR
analyses of patient samples and the LNCaP cell line. Specifically, SCG2 and ESRP1 exhibited
opposite regulation. While SCG2 was downregulated in P3 and P7, it was upregulated in the
LNCaP cell line. Conversely, ESRP1 showed upregulation in P2 and P7 but was downregulated in

the LNCaP cell line.

This finding suggested that different miRNAs can deregulate target genes, leading to
varying expression levels. This variation arises from the context-specific functions of miRNAs as
tumor suppressors or oncogenes within specific tissues. As a result, the deregulated genes
interact with different gene sets, contributing to the complexity of miRNA-mediated gene
regulation. The observed context-dependent effects of miRNAs and their deregulated target
genes provide insights into the molecular basis of cancer and suggest potential opportunities for

personalized therapeutic interventions.

CONCLUSION

In conclusion, this study focused on the role of miRNAs in the differential inter-individual gene
regulatory networks in prostate cancer. The heterogeneity of prostate cancer tumors emphasizes
the importance of molecular markers for accurate diagnosis and prognosis. By utilizing a network-
based approach and analyzing both coding and non-coding RNAs, the study identified
deregulated miRNAs and mRNAs in prostate cancer patients. Through experimental validation,
the direct interaction between miRNAs and target genes was confirmed, supporting the
development of personalized miRNA-based therapies. Further research in this field is needed to
explore the potential of miRNA-based therapies in prostate cancer and to uncover additional
miRNA-mRNA interactions. By continuing to investigate the complex interplay between miRNAs
and gene regulatory networks, we can advance our understanding of prostate cancer and pave

the way for more effective personalized treatment strategies.
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Figure 1 The log2 fold change heat map showing A) DEIncRs, B) DEmiRs based on the average expression
levels obtained from duplicate RNA sequencing (RNA-seq) of tumor and normal samples. Heat map analysis
generated using the Morpheus software (https://software.broadinstitute.org/morpheus). In the color scheme, the

red color represents up-regulation of expression, while the blue color represents down-regulation.
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Figure 2 The Panther pathway analysis by ShinyGO (top) and the visualization of the patient-specific Wnt
pathway networks (bottom) for A) Patient 1 B) Patient 12 C) Patient 6 D) Patient 9. When known, connectivities

are displayed as green (activation) or red (inhibition) lines; unknown connectivities and protein-protein

interactions are displayed as grey lines. DEG specifics, DEmiRs and mutations are color-coded as described

below the figure.
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Figure 3 The figure represents a miRNA-mRNA interactions network for two different patients, A) Patient 7

and B) Patient 15. When known, connectivities are displayed as green (activation) or red (inhibition) lines;

unknown connectivities and protein-protein interactions are displayed as grey lines. DEG specifics, DEmiRs

and mutations are color-coded as described below the figure.
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Figure 4 GATAG is a direct target of miR-27a and TOX3 is a direct target of miR-23a in PC-3
prostate cancer cells. A) The figure shows the miR-27a binding site in the 3-UTR of the human
GATAG gene. The top panel presents a schematic representation of this binding site. In the bottom
panel, the GATAG-3'UTR-WT vector was co-transfected with either miR-27a mimic (pmirGLO-
Gata6 + miR27a Agomir) or a non-targeting control miRNA (pmirGLO-Gata6 + Agomir Control)
into PC-3 cells. Additionally, an unregulated vector control (pmirGlo without GATA6 3'UTR
region) was co-transfected with miR-27a mimic (pmirGLO + miR27a Agomir) into PC3 cells.
After 24 hours, firefly and renilla activities were measured (n=3). B) The same experimental
procedure described in A) was applied for miR-23a and its target TOX3. The figure provides
information about the miR-23a binding site in the TOX3 gene and presents the results of co-
transfection of TOX3-3'UTR-WT vector with miR-23a mimic (pmirGLO-Tox3 + miR23a
Agomir) and non-targeting control miRNA (pmirGLO-Tox3 + Agomir Control) and an
unregulated vector control with miR-23a mimic (pmirGLO + miR23a Agomir) into PC-3 cells.

Firefly and renilla activities were measured after 24 hours (n=3).
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Figure 5 A) The top section illustrates the deregulation of the TOX3 transcription factor when targeted by
different miRNAs in various patients, along with the affected genes. This analysis enables us to observe the
diverse regulatory patterns of TOX3 under the influence of different miRNAs in individual patients. In the
bottom section, we present the expression levels of the deregulated target genes using RT-PCR analysis after 24
hours of transfection with either the miR-23a mimic or the miR-23a inhibitor in Lncap cells. The mRNA
expression values were normalized to the internal control GAPDH mRNA levels. Following the treatments, the
fold changes in target mMRNA levels in LNCaP cells were calculated by comparing them to the mRNA level in
untreated LNCaP cells. The results are presented as means = S.E.M. (n = 3 experiments). *P < 0.05.B) The same
procedure was applied to the GATAG gene, where LNCaP cells were manipulated either with the miR-27a mimic
or the miR-27a inhibitor.
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Name

Sequence (5'->3)

Primers used in quantitative RT-PCR

GATAG-F CCCAGACCACTTGCTATGAA
GATAG-R GGAATTATTGCTATTACCAGAGC
SCG2-F GGTGAGAGACAGCAAAGAGAA
SCG2-R GACATCATCTGAGAGTTGGTC
ITGAS8-F GTTTCTACTGGCAAGGACAAGT
ITGA8-R CAACTGAGTATCCAAGGTAACTG
SMOC2-F GTGTCACAGCTACACGGGAT
SMOC2-R GGAGCTGCGGCATCATCTG
MAP7-F CACTAAACTGTACTCACCCGAC
MAP7-R GTCTGGTTTATTTCCTGAGTGGT
SATB2-F CAAGTCAGAGATGAGCTGAAG
SATB2-R TCTCAGACAACAATCCCTGTG
ESRP1-F CTTCCAAGGTTACCAGTGTTTG
ESRP1-R AGCCTGAGTGTAGACAAACTTC
HNF4G-F CGTTTATTCTTGCAGGTTCAGTC
HNF4G-R CTTCTTCTGGTGCTTATTCTGTC

Primers used in plasmid construction

GATAG6-3-UTR-F

AGCCGGATCAGCTTGCATGCAGCTCTAGAGCTACCTGC

GATAG6-3-UTR-R

AGCCGGATCAGCTTGCATGCAGCTCTAGAGCTACCTGC

TOX3-3-UTR-F

TAGCGAGCTCGAGGAACTGCAGTGTAGCTGAG

TOX3-3-UTR-R

TGCTCTAGAGCAGAGCTTTGGCAAAAGTCTGT

Supplementary Table 1 Primers used in quantitative RT-PCR and plasmid construction (Red highlights

indicates restriction enzyme sites).
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General Conclusion

In general conclusion, our study sheds light on the immense complexity of cancer and
raises important questions about the effectiveness of current approaches. The human body, with
its intricate network of cells and information transfer, resembles a highly organized and
regulated system. Understanding the dynamics of this network is crucial for comprehending
the development and progression of cancer. So, in this study, we presented a comprehensive
analysis of patient-matched data to identify DEGs and DEncRNAs in prostate cancer. By
integrating genomic and transcriptomic datasets, we were able to generate patient-specific
networks and identify key nodes involved in different deregulated pathways and also in the
cross-talk between these pathways. Afterward, we validated the network analysis conducted
using both experimental and in-silico methods. To enhance the complexity of the network, we
incorporated miRNAs and target genes, expanding our understanding of the interconnected
pathways. Furthermore, through experimental validation, we confirmed the direct interaction
between miRNAs and target genes, providing evidence for the functional relevance of the
identified miRNA-mRNA interaction network. Exploring the functional implications of these
interactions and their involvement in key regulatory pathways provided deeper insights into

the underlying molecular mechanism of prostate cancer.

In summary, the complexity of cancer research calls for a paradigm shift in general
cancer therapy approach. By embracing the interconnectedness of networks and leveraging
advanced computational methods, we can unlock new insights into cancer biology and pave
the way for more effective diagnostic, therapeutic, and preventive strategies. Furthermore, the
concept of targeting networks proposes that genes, which may not be deregulated but serve as
crucial nodes within the deregulated network, could offer substantial value as potential targets

for testing.

Perspectives

One important future perspective is the integration of multi-omics data to gain a more
comprehensive understanding of the regulatory networks involved in prostate cancer. By
combining gene expression profiles with other omics data such as DNA methylation, histone
modifications, and protein expression, researchers can uncover additional layers of regulation
and identify key molecular players in the disease. This integrative approach will provide a more
holistic view of the molecular mechanisms underlying prostate cancer and may reveal novel

therapeutic targets.
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Second, the use of patient-derived organoid cultures could provide a valuable platform
for testing novel molecules against putative therapeutic targets. This approach allows for more
accurate and personalized screening of potential treatments, leading to more effective

interventions.

Another future direction is the investigation of the functional implications of miRNA-
MRNA interactions in prostate cancer. While this study validated the regulatory relationships
between miRNAs and target genes, further experiments like Crispr-Cas9 gene knockdown or
knockin are needed to elucidate the downstream effects of these interactions on cellular
processes and signaling pathways. Understanding the functional consequences of miRNA
dysregulation will not only enhance our knowledge of prostate cancer pathogenesis but also

inform the development of targeted therapies.

Moreover, the integration of spatial genomics and single-cell analysis can provide a
deeper understanding of tumor heterogeneity and aid in the design of personalized treatment
strategies. Spatial genomics techniques, such as spatial transcriptomics and spatial proteomics,
allow to study the spatial distribution of gene expression and protein levels within the tumor
microenvironment. Similarly, single-cell analysis enables the examination of individual tumor
cells, unveiling cellular diversity and heterogeneity within the tumor. Identifying rare cell
populations, such as cancer stem cells or therapy-resistant clones, can be instrumental in
designing targeted therapies that address specific cellular subpopulations. By combining spatial
genomics and single-cell analysis, we can gain a more nuanced understanding of the tumor's
spatial organization, cellular interactions, and the dynamic nature of the tumor

microenvironment.

Furthermore, the complexity of cancer research is becoming enormous, as data from
various (single cell) (epi)genomics, (epi/spatial)transcriptomics, (phospho)proteomics,
metabolomics, lipidomics, and nuclear architecture alteration will far exceed what we are used
to today. Such Big Data, however, is becoming more interpretable and manageable given the
dramatic development of artificial intelligence, machine learning, and neuronal network
algorithms, provided that the data are properly normalized and integrable, and the algorithms

are efficiently trained.

In conclusion, these future perspectives offer the potential for advancing our
comprehension of prostate cancer biology and formulating enhanced, personalized, and

targeted treatment strategies. The ongoing exploration of these innovative avenues will
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undoubtedly shape the landscape of cancer research and revolutionize clinical management for

the benefit of patients worldwide.
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Analyse intégrative des réseaux derégulés dans le cancer de la prostate pour un
traitement personnalisé

Résumeé

Le cancer de la prostate (CP) est le deuxiéme cancer le plus fréquent chez les hommes, avec une partie
significative impliquant la fusion TMPRSS2-ERG. Malgré des données génomiques/transcriptomiques
étendues sur le cancer, la compréhension de I'impact des mutations et de la transcription altérée sur les réseaux
régulateurs des patients atteints de CP est limitée. Notre étude a utilisé des échantillons de tumeurs appariés
chez les patients pour explorer les variations somatiques et les profils transcriptomiques dans les cancers de la
prostate ERG+. En intégrant des bases de données d'interactions protéine-protéine et de réseaux de régulation
génique, nous avons découvert des altérations de réseaux spécifiques adaptées a chaque patient, avec chaque
cas de CP présentant des ensembles uniques de voies altérées. Nous avons également analysé les effets des
miARN dérégulés sur les genes cibles, ajoutant de la complexité a nos découvertes. Ensuite, des expériences
de validation ont confirmé I'interaction directe des cibles miARN-ARNmM. Cette analyse approfondie améliore
notre compréhension des réseaux régulateurs du CP et identifie des facteurs clés pour des thérapies de gestion
personnalisées du CP, offrant de nouvelles possibilités de traitements efficaces.

Mots-clés: Biologie des systemes du cancer, cancer de la prostate, thérapie personnalisée, réseaux dérégulés
appariés chez les patients

Abstract

Prostate cancer (PCa) is the second most common cancer in males, with a significant portion involving the
TMPRSS2-ERG fusion. Despite extensive cancer genome/transcriptome data, understanding how mutations
and altered transcription impact individual PCa patients’ regulatory networks is limited. Our study used patient-
matched normal and tumor samples to explore somatic variations and transcriptome profiles in primary ERG+
prostate cancers. Integrating protein-protein interaction and gene regulatory network databases, we discovered
specific network alterations tailored to each patient and each PCa case exhibited unique sets of altered
pathways. We also analyzed the effects of deregulated miRNAs on target genes, adding complexity to our
findings. Then, validation experiments confirmed the direct interaction of mIRNA-mRNA targets.
Consequently, this comprehensive analysis enhances our understanding of PCa regulatory networks and
identifies key factors for personalized PCa management therapies, offering new possibilities for effective
treatments.

Keywords: Cancer systems biology, prostate cancer, personalized therapy, patient-matched deregulated
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