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Preface

In the past decade, there has been a significant shift in the field of molecular biology
concerning RNA. RNA, traditionally viewed as a mere intermediary between DNA and
proteins, is now recognized as a key player in regulating genome organization and gene
expression. For a long time, RNA has been considered the fundamental molecule of life
and the central focus of molecular biology, serving both informational and catalytic
functions. Recent evidences challenge the conventional understanding of gene regulation
in higher organisms, which has persisted for the last 50 years. The traditional assumption
that proteins were the primary vehicles for transmitting genetic information in complex
organisms has been upended with the discovery of RNA interference (RNAI) and the
advent of high-throughput sequencing. This has led research groups to redirect their
attention towards exploring the world of long and small regulatory noncoding RNAS
(ncRNAs), which were previously neglected. This revolution in our understanding of
regulatory ncRNAs, formerly considered “junk,” has unveiled a new layer of gene
regulation.

Regulatory ncRNAs encompass a variety of subclasses, each distinguished by its specific
size, sequence, and mechanism of action, while collectively serving the common
functional purpose of regulating gene expression. Referred to as the "guardians of the
genome," they play pivotal roles at multiple levels, including influencing transcriptional
regulation and epigenetic processes that govern differentiation and development.
Moreover, regulatory ncRNAs play a significant role in the maintenance and
differentiation of stem cells. In this context it is noteworthy to mention that human
pluripotent stem cells (both human embryonic and human induced pluripotent stem cells)
have the property to self-renew and differentiate into cells corresponding to the three
germ layers. This event makes them an invaluable tool for regenerative medicine.
However, the same properties make them oncogenic as well as transmit similar possibility
within their derivatives. Hence, it is extremely important to check whether there is any
role of regulatory ncRNAs in such oncogenic perturbations within these induced
pluripotent stem cell derivatives. Unravelling the information embedded within these
regulatory ncRNAs it is imperative to unveil their functional significance. Furthermore,
delving into the regulatory networks orchestrated by these ncRNAs within stem cells
derivatives will provide fresh insights towards enhancing their regenerative potential.
This focus of this thesis is dedicated towards analyzing the characteristics of small
regulatory ncRNAs such as microRNAs (miRNAs) and PIWI interacting RNAs
(piIRNAS), and their role in maintaining important cellular processes. An optimized blend
of in-silico and experimental approach adopted in this work will aid towards devising a
roadmap for safer regenerative therapy using these stem cell derivatives.

Chapter One ‘A Brief Review’ presents a concise overview of prior research concerning
the characterization and analysis of miRNAs and piRNAs within the scope of this thesis.
This chapter highlights the significance of these small regulatory ncRNAs in the
maintenance and regulation of stem cell biology.
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Chapter Two ‘Elucidating the role of miRNAs in stem cell derivatives corresponding
to the three germ layers’ reveals an overlap in gene expression patterns between cancer
cells and pluripotent stem cell derivatives, providing evidence of a remnant oncogenic
signature within the stem cell derivatives for all the three germ layers. miRNAs play a
pivotal role in influencing such carcinogenic processes by controlling the expression of
their target genes. The insights presented in this chapter will contribute to a better
understanding of the dynamics of miRNA and their target genes within stem cell
derivatives.

Chapter Three °‘Influence of reprogramming methods towards imparting
oncogenicity to stem cell derivatives’ represents the influence of the reprogramming
methods (that has been used to generate the iPSCs) towards inducing oncogenicity to
IPSC derivatives. Subsequently small RNA-seq data was generated to identify the
differentially expressed miRNAs.

Chapter Four ‘Development of a prediction model to predict the oncogenic status of
an iPSC derived cell’ provides the entire blueprint for the development of a prediction
model where significant set of miRNA target genes serve as the feature set and
subsequently various machine learning models have been implemented to check the
purity of the iPSC derivatives.

Chapter Five ‘piRNAQuest V.2: updating the piRNAome for silencer’ deals with the
systematic analysis and organization of the biological and molecular characteristics
inherent in the comprehensive piRNA dataset spanning 28 different species, as well as
its association with various disease systems. The 'piRNAQuest V.2' database aims to
enhance our understanding of the origins, abundance, and functions of piRNAs, which
will, in turn, help us unlock the full potential of these small ncRNAs while investigating
their relevance to various systems.

Chapter Six ‘Investigating the role of piRNAs in stem cell derivatives’ elucidates the
pivotal role of piRNAs in steering the cellular fate of stem cell derivatives and in gaining
a better mechanistic insight into the piRNA mediated regulatory networks within this
population that might have a role in stem cell differentiation process.

Chapter Seven ‘General Conclusions and Future Perspectives’ is the concluding
segment which includes a comprehensive summary of the entire thesis work and the
potential prospects for future investigations in the field.

The Appendix contains a complete list of my publications along with my additional
publications and curriculum vitae.




CHAPTER 1

CHAPTER 1| A Brief Review

1.1 Introduction

For a very long time, RNA had been considered as an intermediary element for
passing the genetic information to functional protein only [1]. But with advanced
studies, the new RNA world has opened avenues focusing on the noncoding
transcripts which were previously regarded as junks [2]. It has been found that more
than 90% of mature RNAs do not code for protein, and are known as non coding
RNAs (ncRNAs). Since the discovery of ribosomal RNA and transfer RNAs in the
late 1950s, ncRNAs have been acknowledged for their biological importance till date
[Figure 1]. NcRNAs can be categorized as regulatory and housekeeping ncRNAs
for normal cell functional maintenance [3]. These molecules are involved in dosage
compensation, X—inactivation, imprinting, transcriptional and epigenetic regulation,
RNA interference (RNAI) or post-Transcriptional Gene Silencing (PTGS) [4-9].

Timeline | The rise of regulatory RNA

Figure 1: The Rise of Regulatory RNAs : The Timeline [10]

Small ncRNAs constitute one of the important classes of ncRNAs and their size is
<200bp. These can be further sub-classified into different classes as provided in
(Table 1) below.

Class Size Features Biological involvement Ref
(symbol)
MicroRNA 19-25 e Found in viruses, | ® Involved in cell growth, | [11,
(miRNA) nucleotides plants, animals, differentiation and apoptosis 12]
and humans ¢ Regulate gene post transcriptionally
e Single stranded | e Biomarker for many diseases
molecules
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Piwi 24-32 Found in insects, Silence RNA via the formation of | [13]
interacting nucleotides amphibians, RISC
RNA mammals; Involved in embryonic development,
(piRNA) mainly in germ epigenetic regulation, maintenance of
cells germline DNA integrity
Small 19-23 Found in insects Involved in posttranscriptional gene | [14]
Interfering | nucleotides and mammals silencing
RNA Double-stranded Provide defense against pathogenic
(sIRNA) RNA molecules nucleic acids
Transfer 14-32 Found in Regulate gene silencing, splicing and | [15,
derived nucleotides prokaryotic and translation 16]
RNAs eukaryotic Some tRFs are involved in
(tRFs) transcriptomes posttranscriptional regulation
Originated from
mature tRNAs or
precursor tRNAs
Small 60-300 Present in Can maintain post-transcriptional | [17,
nucleolar | nucleotides nucleoli of modification and ribosome | 18]
RNAs eukaryotic cell biogenesis
(snorRNAs) Encoded by
intronic regions
Small Average of Found in nucleus Process primary transcription | [19]
nuclear 150 of eukaryotic products
RNAs nucleotides cells
(snRNASs)
Promoter 20-200 Found in leaves Associated with site specific DNA | [20]
associated | nucleotides of Arabidopsis methylation
small
RNAs
(PASRs)
Transcription| Approx 18 Found in sects to Regulate translation mechanism and | [21,
Initiation | nucleotides mammals, not maintain stress granule assembly 22]
RNAs found in plants
(tiRNA)
Centromere 34-42 Generated from Recruit centromeric proteins and | [23]
Repeat nucleotides transcription  of heterchromatin
associated repeats
small
Interacting
RNAs
(crasiRNAS)
Telomere Approx 24 Found in plants Assemble telomeric heterochromatin | [24]
specific nucleotides and mammals
Small
RNAs
(tel-
SRNAS)
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Pyknons

Minimum 16
nucleotides

e Primate specific
motifs

e Found in Repeats
in intergenic and
intronic regions

e Associated with cancer biology,
mainly in epithelial-to-mesenchymal
transition

Table 1: The diverse subclasses of small ncRNAs

Among all the small ncRNAs (sncRNAs), the discovery of microRNAs (miRNAS)
in the 1990s, started the new episode of gene regulation by ncRNAs and instigated
others to reveal more types of SncRNAs like piRNAs, snoRNAs and their functional
involvement towards biological regulation with the help of various technical
advances [Figure 2].

sncRNA
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Figure 2: Different types of sncRNAs and their biological association[26]

1.2. miRNAs : The RNA interference triggering molecules
miRNAs are a group of endogenous sncRNAs which are evolutionarily conserved

and single stranded molecules, size ranges from 19-25 nts. They are able to regulate
gene expression both transcriptionally and translationally. miRNAs interact with
partial complementary target region identifying the ‘seed sequence’ in the 3'
untranslated region (UTR) of the messenger RNA (mRNA) [27] and the targeted
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gene either got degraded or translationally inhibited by the AGO protein [28].
Biologically, these small molecules have been found to regulate different
developmental and disease condition like epithelial-mesenchymal transition and
metastasis [29], pluripotency [30], stem cell differentiation [31], diabetes [32], testis
differentiation [33], neural plasticity and memory [34].

Historical perspective: In the year 1993, Lee and colleagues discovered that a small
22 nucleotide untranslated RNA mediated down regulation of LIN-14 protein is
necessary for developing the larval stage of Caenorhabditis elegans [12]. Further,
different genetic studies on this nematode along with drosophila and human revealed
the existence of small noncoding RNA molecules which are derived from a longer
precursor with a stem-loop structure [35]. The identification and confirmation of
these small RNAs which are now termed as miRNAs led researchers take both
biochemical and computational approach to identify new members of this family
across different species, from plants to animals.

Biogenesis: During the early studies on the biogenesis of miRNAs, different
approaches were found. After the discovery of the RNase 111 enzyme termed Drosha
in 2003 [36] along with other different studies, it was ascertained that miRNA
biogenesis is a sequential and compartmentalized mechanism: (i) In nucleus, RNA
polymerase Il first produces primary miRNAs (pri-miRNAs) with a 5’ guanosine cap
and a 3’ polyadenylated tail (ii) then long precursor RNAs (pre-miRNAs) are
generated from pri-miRNA by Drosha and (iii) in cytoplasm pre-miRNAs are
processed into mature miRNAs by Dicer [12] [Figure 3]. One strand of the mature
miRNA which have most unstable base pairing at the 5’ end usually works as the
guide strand. Another strand with stable base pairing at the 5’ end is usually degraded
[37]. The guiding strand along with cytoplasmic Ago2 proteins forms complex with
the target mMRNA molecule through sequence complementarity and results in
degradation or translational repression.

Functions: miRNAs play a fundamental role in the regulation of gene expression
within biological systems. Acting as post-transcriptional regulators, miRNAs bind to
the 3' UTR of target mMRNAs, leading to translational repression or degradation of
the target mRNA. This precise modulation of gene expression by miRNAs is integral
to a myriad of biological processes. miRNAs regulate stem cell renewal as well as
its proliferation and differentiation which is well illustrated in the study of let-7
processing by Lin-28 during stem cell differentiation [38]. Besides stem cell
monitoring, MiRNAs are also know to regulate the development of various organ
systems with tissue specific miRNAs, e.g., miR-273 and miR-127 are required for
neuronal [39] and lung [40] development respectively.
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Cytoplasm Nucleus

DEXDOA ova
J

) Pri-miRNA
\L Drosha |
Ecportin-5)

Pre-miRNA i) B i) Pre-miRNA

J/ Dicer )
miRNA T
miRNA duplex
RISC
miRNA L) —y —

mature miRNA . .
miRNA transcript

v N

MRNA target cleavage ~ translational  mRNA degradation
repression

Figure 3: The canonical pathway of miRNA biogenesis [41]

In addition to their involvement in normal cellular functions, dysregulation of
miRNA expression has been associated with numerous pathological conditions,
including cancer [42], neurodegenerative disorders [43] and cardiovascular diseases
[44]. High or low expression of specific miRNAs has been reported to correlate with
wide range of diseases [12] which make these micromanagers as biomarkers [45].
The versatility of miRNAs lies in their ability to target multiple genes
simultaneously, forming intricate regulatory networks that contribute to the
maintenance of cellular homeostasis. The dynamic interplay between miRNAs and
their target genes underscores the complexity of biological systems, highlighting the
importance of miRNA function in fine-tuning gene expression and shaping the
molecular landscape of living organisms.

Computational tools and Databases: The rapid progress in technology, particularly
high throughput sequencing, has generated a wealth of miRNA-related data, sparking
intense interest and the creation of various bioinformatics tools. These tools cater to
diverse biological inquiries, encompassing miRNA identification, target prediction,
expression analysis, functional involvement, pathway exploration, and disease
associations. miRBase [46,47] serves as a vital repository for miRNA sequences,
while algorithms like RNAfold [48] and Mfold [49] predict miRNA secondary
structures. To gauge miRNA-target interactions, prediction tools consider factors
like free energy, target site accessibility, evolutionary conservation, and
compatibility of miRNA seed sequences with target mMRNAs [50].
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A schematic overview of currently available databases and tools for miRNA is
presented in Figure 4.

Validated/Predicted miRNA targets;

Mirtarbase DIANA-TarBase
miRNAMap  TargetScan

MiRwalk miRGator
= miRDB microRNAorg 2 S
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Figure 4: Databases and tools available for miRNA research [51]

Research over the past thirty years has established the importance of miRNAS
indicating their potential as disease therapeutics. A better understanding of miRNA
molecular pathways would provide valuable insight into the onset and progression
of cancer and other diseases and would be significant for progressing therapeutic
treatments.

1.3. piRNAs : The genomic players
Piwi-interacting RNAs (piRNAs) which are identified recently as a class of
sncRNAs, are abundantly produced in the germline cells of eukaryotes with size
ranging between 24-32 nucleotides (nt) [52]. It has been observed that each species
contain about hundreds of thousands of distinct piRNA sequences, but mature
piRNA sequences are not conserved even among closely related species [53].
Although initially piRNAs have been observed to be expressed exclusively in
germline cells, they have been found to be expressed in somatic cells and the somatic
piRNA pathway has been shown to regulate the propagation of germline cells [54].
piRNAs bind to piwi proteins to form the piwi-interacting RNA complex (piRC),
which influences spermiogenesis, transposon silencing, epigenetic regulation,
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genome rearrangement, protein regulation, and germ stem-cell maintenance, all of
which are now recognized as major functions of piRNAs [55].

Historical perspective: As small silencing RNAs with characteristics different from
those of known miRNAs or siRNAs, piRNAs were first discovered in Drosophila in
2001 [56]. Initially, these RNAs were only observed in tissues related to male and
female reproduction. Later studies conducted in flies, fish, and mammals revealed a
conserved association of these small RNAs with PIWI-clade Argonaute proteins,
which led to the designation of these regulating players [56-59].

Biogenesis: In a number of studies, the previously unknown mechanisms of piRNA
biogenesis have begun to be uncovered. These studies suggest that piRNAs are
produced from both the primary processing pathway and the amplifying ping-pong
mechanism [Figure 5]. The primary processing pathway for piRNAs, or piRNA
clusters, is also referred to as the hotspots for piRNA biogenesis [60]. piRNAS
originate from clusters, which take up a large portion of our genome and encode
thousands of piRNAs [61]. PIWI proteins are guided by mature piRNAS to target
active transposable elements in the genome while also deriving from these
transposons (ping-pong cycle) [62]. While active piRNA-induced silencing complex
(piRISC) mainly targets transposable elements to maintain the integrity of the
genome [63], it is also known to target non-transposable elements, such as protein-
coding genes [64]. Similar to miRNAs, these are primarily known to repress or
degrade target mMRNASs that are specific to the germline [65]. According to a number
of studies, piRNAs are an essential regulator for the post-transcriptional and
epigenetic silencing of transposons [66].

Functions: In animals, piRNAs have emerged as genomic regulators of biological
processes. Initial research has suggested that the PIWI-piRNA complex plays a role
in the maintenance and development of the germline, particularly spermatogenesis
[67]. Multiple organisms including nematodes, insects, fish, and mammals, have
been studied to determine the epigenetic function of PIWI proteins in the control of
germ and stem cells and found that piRNAs play important roles in controlling gene
expression in addition to acting as transposon silencers in both germline cells and
somatic cells [68].
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Figure 5: piRNA biogenesis pathways [69]

Understanding the function of piRNAs in human diseases has gained importance as
a result of their role in gene regulation. Numerous studies have demonstrated that
dysregulation of piRNAs have the potential to either promote or suppress the
occurrence and progression of a number of diseases, particularly cancers [70], e.g.,
piRNA-823 expression is reported to be positively correlated with tumor metastasis
[71] whereas piR-36712 has been discovered to suppress breast cancer cell
migration, invasion, and proliferation [72].

Computational tools and Databases: In the realm of piRNA research, databases serve
as invaluable repositories, housing curated piRNA sequences, annotations, and
experimentally-derived information. Some widely used computational databases like
piRNABank [73], piRBase [74] and piRNAdb [75] offer a comprehensive approach,
providing detailed piRNA annotations, expression profiles, and functional
information. Additionally, piRNAQuest [60,76] caters specifically to piRNA
researchers, offering a range of piRNA-related data for both normal and disease
systems. Databases like piRTarBase [77] and pirScan [78] provide information on

10
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pIRNA sequences and their associated targets. These resources empower scientists
to explore the intricate world of piRNAs and unravel their significance in epigenetic
regulation and genome stability.

SncRNAs and stem cells

Stem cells are specialized cells within the body characterized by two key attributes:
(1) Their capacity for sustained self-renewal through numerous cell division cycle
while retaining their undifferentiated state, and (2) their potential to differentiate into
progenitor cells representing diverse cell lineages [79,80]. Totipotent cells, such as
the zygote, possess the inherent ability to generate all embryonic and extraembryonic
cells, enabling them to give rise to an entire organism. Pluripotent stem cells,
exemplified by mouse embryonic stem cells (mESCs) or human embryonic stem
cells (hESCs), induced pluripotent stem cells, can produce cells representing all three
germ layers (ectoderm, mesoderm, and endoderm) but lack the capacity to generate
extraembryonic cells [81]. The versatility of pluripotent stem cells to self-renew and
differentiate into cells of the three germ layers make them an invaluable tool for
regenerative medicine. Adult stem cells, which are multipotent stem cells found in
specific tissues like bone marrow, adipose tissue, and blood (including umbilical
cord blood) [82], maintain specialization primarily within a particular tissue or
lineage, such as hematopoietic stem cells (HSCs) that can only differentiate into cells
of the hematopoietic lineage. Unipotent stem cells are further constrained in their
developmental potential, giving rise to only a single cell type [83]; for example,
erythrocyte progenitor cells exclusively generate erythrocytes. Hence, the canonical
developmental pathway [Figure 6] follows the progression from totipotent stem cells
to pluripotent stem cells, then to multipotent stem cells, and ultimately to unipotent
stem cells and mature cells. Notably, both the capacity for self-renewal and the
potential for differentiation diminish as cells progress from a totipotent state to a
mature cell state.

Human pluripotent stem cells, including both human embryonic and human induced
pluripotent stem cells (ESCs and iPSCs), possess the remarkable ability to self-renew
and differentiate into cells representing the three germ layers (ectoderm, endoderm
and mesoderm). This exceptional property renders them invaluable tools in the field
of regenerative medicine. However, these very characteristics also imbue them with
oncogenic potential and the capacity to pass on similar traits to their derivative cells.
Notably, literature reports have provided evidence of a substantial overlap in gene
expression patterns between cancer cells and pluripotent stem cell derivatives
[84,85], encompassing iPSC derivatives and ESC derivatives, further showing their
oncogenic propensity.
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Numerous investigations aimed at disrupting the functionality of RNA silencing
components provide strong evidence that small RNA pathways play a significant role
in regulating cell division, sustaining cellular integrity, and guiding the
differentiation processes of stem cells. Hence, sSncRNASs are the center of attraction
in developmental studies from the last 20 years for their biological and molecular
association in cancer development and progression, and also in drug resistance.
There are numerous tumor types that have 'stem cell’ populations that can support the
growth and metastasis of the tumor. Despite making up a very small portion of all
tumor cells, these are the ones responsible for drug resistance and tumor recurrence
[87]. Beside cancer systems, it has been found that pluripotent stem cells which can
be used in regenerative therapy can transmit oncogenic properties within their
derivatives which hinder their use in clinical field. The two profound classes of
sncRNAs viz. miRNAs and piRNAs, play promising roles in eukaryotic stem cells
and stem cell malignancies [88,89].
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miRNASs have a significant impact on stem cell maintenance [Figure 7] due to their
crucial role in regulating gene expression. They are central players in determining
whether a stem cell remains undifferentiated or gets differentiated into specialized
cell types. Certain miRNAs inhibit the expression of genes associated with
differentiation, thereby preserving the stem cell's capacity for self-renewal. miR-302
is a well-known miRNA that plays a important role in maintaining the pluripotent
state of ESCs. It target genes are associated with differentiation, aiding in the
maintenance of undifferentiated state of ESCs [90]. Conversely, other miRNAs are
involved in promoting differentiation by suppressing genes that keep cells in an
undifferentiated state [91]. This drives stem cell towards cell lineages. In tissues with
regenerative capacities, such as the skin or the gastrointestinal tract, miRNAs are
instrumental in orchestrating stem cell-driven repair processes after injury or
damage. By modulating miR-126, the regenerative response of endothelial
progenitor cells in damaged blood vessels could be achieved [92]. Dysregulation of
miRNAs in stem cells has been linked to various diseases and cancers. Aberrant
miRNA expression can disrupt normal stem cell function and contribute to the
development of malignancies [93].

miRNAs also play a pivotal role in cellular reprogramming, a process that involves
converting one type of cell into another, typically to generate iPSCs. The role of
miRNAs in cellular reprogramming encompasses several key aspects:

Enhancement of Reprogramming Efficiency: Certain miRNAs can significantly
enhance the efficiency of cellular reprogramming [94]. They can act as facilitators
by promoting the transition of somatic cells to a pluripotent state, reducing the time
required for the reprogramming process.

Regulation of Pluripotency Factors: miRNAs are involved in the fine-tuning of key
pluripotency factors such as OCT4, SOX2, and NANOG. These factors are essential
for maintaining the pluripotent state and miRNAs help regulate their expression
levels during cellular reprogramming [95].

Suppression of Differentiation Pathways: During reprogramming, miRNAs play a
crucial role in suppressing the expression of genes associated with the original cell
type's identity. This inhibition is necessary to erase the cell's previous characteristics
and enable the acquisition of a pluripotent state.

Epigenetic Modulation: miRNAs contribute to the epigenetic changes required for
cellular reprogramming. They can influence DNA methylation patterns and histone
modifications, promoting the chromatin remodeling necessary for the transition to a
pluripotent state [94].

Stabilization of Reprogrammed Cells: miRNAs play a role in stabilizing the
reprogrammed state by regulating the gene expression involved in cell cycle control,
apoptosis, and differentiation. This helps ensure the long-term stability and viability
of iPSCs [96].
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In the context of stem cells, piRNAs have also been found to regulate the self-renewal
and differentiation processes, ensuring the maintenance of stemness and the fine-
tuning of lineage commitment [Figure 8] [98,99]. For instance, specific piRNAs
have been implicated in the control of pluripotency genes in embryonic stem cells,
influencing their ability to differentiate into various cell types. Studies have
identified piRNAs that target and regulate key pluripotency genes like Oct4 and
Nanog in embryonic stem cells [100]. By modulating the expression of these genes,
piRNAs help maintain the undifferentiated state of stem cells, ensuring their
pluripotency and self-renewal capacity. In regenerative medicine, understanding and
harnessing tissue-specific piRNAs can be instrumental in guiding stem cells towards
the desired lineage for tissue repair and regeneration. For example, piRNAs have
been investigated for their role in promoting the differentiation of cardiac progenitor
cells into functional cardiomyocytes [101]. piRNAs have also been implicated in
cancer stem cells, which share some characteristics with normal stem cells.
Dysregulation of piRNAs in cancer stem cells can influence tumorigenesis and tumor
progression [102]. Exploring piRNA-based interventions in cancer stem cells may
have implications for cancer therapies and regenerative approaches aimed at
restoring normal tissue function post-cancer treatment.
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Figure 8 : PIWI-piRNA pathways in cellular functions [103]

Understanding the role of miRNAs and piRNAs in stem cell biology has been gained
importance as it might lead towards novel avenues for future therapeutic
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interventions. In summary, these sncRNAs play a crucial role in both the
maintenance of stem cells and their potential application in regenerative therapies.
Manipulating miRNAs and piRNAs hold promise for enhancing the stem cells’
therapeutic potential and addressing various diseases and tissue injuries. However,
it's essential to continue research into the specific SncRNAs and their targets to
develop safe and effective regenerative therapies. Researchers are exploring
miRNA/piRNA based strategies to enhance tissue regeneration, combat degenerative
diseases, and even target cancer stem cells. Researchers are exploring the use of
miRNAs and piRNAs to improve the efficacy of stem cell-based regenerative
therapies. By manipulating their expression, it is possible to enhance the survival,
differentiation, and integration of transplanted stem cells into damaged tissues.

The work presented in this thesis represents a comprehensive effort to enhance our
understanding of the functions of miRNAs and piRNAs. The initial section of the
thesis delves into the miRNA and mRNA signatures, which hold the key to
unraveling the oncogenic contamination within induced pluripotent stem cell
derivatives, irrespective of the three germ layers. In the second part of our work, we
scrutinize whether an oncogenic signature is present within iPSC derivatives,
irrespective of the specific reprogramming method employed for iPSC generation.
Our in-silico analysis reveals a robust oncogenic signature in iPSC-derivatives,
causing them to cluster with their cancer cell counterparts rather than their primary
cell counterparts, regardless of the reprogramming method used. Combining all the
information, we have developed a prediction algorithm that can assist researchers in
assessing the purity of their generated iPSC derivatives. The final section of the thesis
centers on the characterization of piRNAs emphasizing their role in maintaining
stemness as well as differentiation properties. Collectively, this research offers novel
insights into these pivotal micromanagers, which modulate critical attributes
essential towards maintenance and regulation of stem cell biology.
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CHAPTER 2

CHAPTER 2| Elucidating the role of miRNAs in stem cell
derivatives corresponding to the three germ layers

Abstract:

Induced pluripotent stem cell (iPSC) derived cells represent specific cell fate whose
regenerative potential gets compromised due to oncogenic contamination within them.
Epigenetic disturbances are believed to underlie this dysregulation in certain cell fates.
Reported role of microRNAs (miRNAS) towards imparting oncogenicity within iPSCs
instigated us to look into its role towards inducing oncogenicity within the iPSC
derived cells corresponding to the three germ layers viz. the ectoderm, endoderm, and
mesoderm. A comprehensive analysis of gene and miRNA expression profiles
corresponding to these derivatives, their cancerous counterparts, and primary cells,
lead us to unveil an "oncogenic signature” present within the iPSC derivatives
corresponding to all the three germ layers. Furthermore, we elucidated the key miRNA-
MRNA interactions responsible for such oncogenic contamination. Overall, our study
revealed the presence of oncogenic contamination within the iPSC-derived cells
corresponding to all the 3 germ layers and deciphered the role of a set of miRNA-
MRNA interactions for it.  This provides a roadmap towards designing certain
stringent functional assays to ensure the status of these cells before applying them for
regenerative therapy.

Presented this work at 4th International Conference on Translational Research:
Recent Development and Innovations in Human Health and Agriculture Research, 2018:
“Revealing the oncogenic signatures induced by miRNAs in iPSC-derivatives”

2.1. Introduction

Induced Pluripotent Stem Cells (iPSCs) represent a revolutionary breakthrough in the
field of regenerative medicine. iPSCs are artificially reprogrammed cells that possess a
remarkable ability to differentiate into various cell types within the human body [1] and
that too without any ethical concerns and minimizing the risk of immune rejection.
Originally derived from adult cells, such as blood or skin cells, iPSCs are genetically
manipulated to revert to a pluripotent state, akin to embryonic stem cells. This process
allows for the generation of patient-specific cells, holding significant promise for
personalized medicine and the treatment of a wide array of diseases. iPSCs not only
sidestep the ethical concerns connected with embryonic stem cells (ESCs) but also open
new avenues for understanding disease mechanisms and lead to the development of
innovative therapeutic approaches [Figure 1]. The discovery of iPSCs has spurred
groundbreaking advancements in biomedical research, paving the way for the potential
regeneration of damaged tissues and organs. In 2006, Takahashi and Yamanaka identified
a fundamental set of four transcription factor (TF) genes—S0OX2, KLF4, OCT4 and C-
MYC, (commonly referred to as OSKM or the Yamanaka factors) for generating iPSCs
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[2]. When subcutaneously injected into immunocompromised mice, these iPSCs formed
teratomas and contributed to various tissues in developing embryos upon blastocyst
injection [2]. However, these initial "first-generation” iPSCs seemed partially
reprogrammed and lacked crucial deterministic patterns exhibited by fully pluripotent
cells. Subsequent research, including work by Yamanaka's team [3], soon refined these
initial findings, producing a next generation of modified iPSCs that more closely
resembled ESCs both molecularly and functionally [4,5].

. iPSCs
Somatic cells
Pluripotent

{ - - , Expandable
. R . . Donor selectable
eprogrammin
prog 9 Gene editable

In vitro
differentiation
% & - % )

Cell Therapy " » |, Hematopoietic
Neuronal . Myocytic

Chondrocytic
Cardiomyocytic U

Disease Modeling & Drug Development
Figure 1: Applications of induced pluripotent stem cells [6]

In the current landscape of stem cell medicine, the journey toward secure and effective
regenerative therapies employing human induced pluripotent stem cells (hiPSCs) remains
intricate and poses challenges, particularly concerning safety aspects as these cells
differentiate and may form teratomas post-transplantation. The overlapping factors for
pluripotency and tumorigenicity introduce intricacies into this domain. The activation of
functional programs during cellular reprogramming, inducing pluripotency, shares
commonalities with analogous processes in cancer cells [7]. Instances arise where
inadequately differentiated tumour cells exploit normal developmental programs,
including factors linked to ESCs and pertinent pathways. Recent investigations
emphasize the presence of shared master regulatory genes in both stem cells and tumor
cells [8-11]. As a strategic response, the proposition involves inducing iPSCs to
differentiate into the intended cell type corresponding to a particular lineage before
transplantation. This tactic aims to mitigate the challenge of tumorigenicity inherent in
pluripotent cells.

While the tumorigenic capability of pluripotent cells appears significantly diminished in
vivo when subjected to in vitro predifferentiation, reports indicate that the resulting
differentiated stem cell derivatives may still possess the potential to form tumors [Figure
2]. Various studies offer evidence of oncogenic contamination within the iPSC derived
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cells [12] as well as tumor development following the transplantation of iPSC derivatives
[13-15]. These findings underscore the potential risk associated with using re-
differentiated cells due to the presence of oncogenic contaminants. Therefore, it is
imperative to exercise utmost caution in eliminating such tumorigenic cells from the
transplantable population before deeming them safe for clinical application. The potential
cause of this oncogenicity might be attributed to transcriptional misregulation. miRNA
plays a crucial role in the regulation of diverse transcriptional factors. Given the
pluripotent nature of iPSCs, capable of differentiating into cells corresponding to the
three germ layers, it is essential to examine oncogenic contaminations within pluripotent
stem cell derivatives across ectoderm, endoderm, and mesoderm layers.

Undifferentinted
or transformed cells
@
. .\D > O .Q) »
O
¢ode e ®
hPSCs Final product
- ___Potential outcomes
~g
# No effect

# Benign neoplasm/teratoma — abnormal localized tissue growth

# Malignant tumour - invasive and potentially fatal neoplasm

Figure 2: Potential Outcome of PSC-Derived Products after Transplantation [16]

Utilizing this knowledge, we have sought to unveil whether miRNA plays a role towards
imparting such oncogenic contamination and if so what are the miRNA-mRNA
interactions that play a dominant role in such event irrespective of the cells belonging to
the three germ layers. Overall, we have been able to tease apart the significant set of
miRNA-mRNA interactions which are playing a key role behind the presence of such
residual oncogenicity within the iPSC derived cells irrespective of the 3 germ layers.

2.2. Methods

2.2.1. Dataset collection:

We took miRNA and mRNA expression datasets (microarray) corresponding to iPSC-
derivatives, primary cells and its cancer counterpart for all three germ layers (i.e.
ectoderm, endoderm and mesoderm), as provided in Table 1(A, B, C) from GEO
database (https://www.ncbi.nlm.nih.gov/geo/). Based on the availability of datasets,
Neuron, Hepatocyte and Cardiomyocyte were chosen for ectodermal, endodermal and
mesodermal lineage respectively.
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Samole iPSC-derived neuron Neuroblastoma Primary neuron
Typf)e Data Type [ Accession No. of Accession No. of Accession No. of
No. samples No. samples No. samples
GSE51978 3 GSE12679 6
RNA GSE75701 3 GSE13273 2 GSE19332 7
m Microarray
Data GSE74358 8 GSE4600 3 GSE40438 8
miRNA GSE62721 2 GSE94483 6 GSE34016 3
Table 1A: Input dataset for Ectodermal lineage
IPSC-derived Hepatocarcinoma Primary Hepatocyte
Hepatocyte
Sample
Data Type - - -
Type Accession No. of Accession No. of Accession No. of
No. samples No. samples No. samples
GSE18269 3
GSE62962 2 GSE62962 2
mRNA Microarray GSE29084 2
Data GSE14897 3 GSE23031 3 GSE18269
miRNA GSE66075 3 GSE90146 2 GSE40113 4
Table 1B: Input dataset for Endodermal lineage
|PSF:-der|ved Sarcoma Primary Cardiomyocyte
Cardiomyocytes
Sample
T Data Type
ype Accession No. of Accession No. of Accession | No. of
No. samples No. samples No. samples
s GSE0291 3 GSE59704 2 GSE17800 8
m .
M":[;Z‘;‘;ray GSE32911 1 GSE14975 | 5
miRNA GSE35672 36 GSE36982 15 GSE36946 20

Table 1C: Input dataset for Mesodermal lineage

2.2.2. Experimental Grouping:
Global gene expression pattern and miRNA profile analysis was done for cells selected
corresponding to the three germ layers. Primary cells served as the control, iPSC
derivatives served as the test sample 1 and the cancer counterparts for the specific lineage
served as the test sample 2 (Table 2).

Germ Layer

Tissue

Control Test Sample 1 Test Sample 2

Ectoderm Neuron Primary Neuron iPSC-derived Neuron Neuroblastoma
(PN) (iPSC_N) (NB)
Endoderm Hepatocyte Primary iPSC-derived Hepatocyte Hepatocarcinoma
Hepatocyte (PH) (iPSC_H) (HCC)
Mesoderm Cardiomyocyte Primary iPSC-derived Cardiomyocyte Sarcoma
Cardiomyocyte (irSC_C) (SC)
(PC)

Table 2: Experimental Grouping of the analysis on the samples obtained for iPSC-derivatives, cancer
counterpart and the primary cell corresponding to the germ layer
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2.2.3. Microarray data analysis:

To mitigate study-specific batch effects, the raw miRNA and mRNA datasets underwent
normalization using the frozen RMA algorithm (fRMA) [17], which offers greater
precision compared to standard RMA methods. This approach involves background
correction, normalization, and summarization steps similar to other algorithms, while
also addressing between-probe and between-batch variability. The fRMA normalization
was executed within the R-Bioconductor framework followed by analysis in MEV
(www.tm4.org/mev.html). Subsequently, analysis of variance (ANOVA) was performed,
incorporating the Benjamini—Hochberg false discovery rate (FDR) multiple testing
correction, with a significance level set at a p-value of <0.05. Additionally, a fold-change
cutoff of > 2.0 was applied to identify the differentially expressed (DE) genes and
miRNAs between different groups. For mRNA expression data, the average probe
intensity was calculated and then considered as the gene expression level for genes with
more than one probe. Further, hierarchical cluster analysis was performed with the DE
genes and DE miRNA:s.

2.2.4. Target Prediction and Functional analysis:

In order to check the effect of miIRNA-mRNA interactions, target prediction was
performed using TargetScan [18] for negatively correlated sets (DE mRNAs and DE
miRNAs corresponding to the three germ layers) using default parameters, following
filtration using ParasoR [19], which refines the targeted genes based on accessible
regions. Targeted genes were further functionally annotated using Ingenuity Pathway
Analysis (IPA, Qiagen).

2.2.5. Screening epigenetically associated genes and miRNA:

Genes known to function as epigenetic modifiers and chromatin remodelers were sourced
from EpiFactors [20]. miRNAs with established roles in exerting epigenetic functions
were obtained from EpimiR [21].

2.3. Results and Discussion

2.3.1. Oncogenic signature within the ectodermal lineage specific cells derived from
iPSCs:

The DE genes and DE miRNAs across the test and control samples have been shown in
Table 3. Venn diagram in Figure 3 shows the DE genes and DE miRNAs which are
commonly differentially expressed in iPSC_N and its cancerous counterpart NB with the
primary cells i.e PN as control. Further hierarchical clustering [Figure 4] with this set of
genes and miRNAs depicted the clustering of the iPSC_N with its cancerous counterpart
NB rather than clustering with its primary counterpart i.e PN.

DE mRNAs DE miRNAs
Control Test samples Up Down Up Down
PN iPSC_N 5527 2225 160 102
PN NB 4943 2874 132 83

Table 3: Differentially expressed mRNAs and miRNAs across the different samples
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Hence, these set of miRNAs and mRNAs bear the clue towards the remanance of such
oncogenic contamination within the iPSC derived neurons corresponding to ectodermal

lineage.

iPSC

A) mRNA

PN v

N 5545 PNVsNB

B) miRNA

PN vs
iPSC_N

128 PN vs NB

Figure 3: Venn diagram showing the overlap of the differentially expressed A) mRNAs
and B) miRNAs between PN versus iPSC_N & PN versus NB

A)

ipsc M

NE

=)

B)

P

ipsc_N

ME

Figure 4: Heatmap showing the expression profile for the commonly expressed A) 5545
MRNAs and B) 128 miRNAs in neuronal lineage corresponding to ectoderm layer. Clustering
shows iPSCN to be closest to the cancer counterpart NB

2.3.2. Oncogenic signature within the endodermal lineage specific cells derived from

iPSCs:

The DE genes and DE miRNAs across the test and control samples have been depicted
in Table 4. Venn diagram in Figure 5 illustrates the DE genes and DE miRNAs which

are commonly differentially expressed in iPSC_H and its cancerous counterpart HCC
with the primary cells i.e PH as control.

DE mRNAs DE miRNAs
Control Test samples Up Down Up Down
PH iPSC_H 2335 1987 301 62
PH HCC 2572 1926 290 50

Table 4: Differentially expressed mRNAs and miRNAs across the different samples
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A) mRNA B) miRNA

PH vs
pec |y 2582 PHVsHCC pens 259 PHusHCC

Figure 5: Venn diagram showing the overlap of the differentially expressed A) mRNAs
and B) miRNAs between PH versus iPSC_H & PH versus HCC

Hierarchical clustering of iPSC_H, PH and HCC has been done using the expression
profile of these common set of MRNAs and miRNAs [Figure 6A and Figure 6B]. Figure
6 showed that iPSC_H clusters with its cancerous counterpart HCC rather than PH (which
is the primary hepatocyte) suggesting the presence of oncogenic contamination within
iIPSC-derivative of endodermal lineage.

A) B)

PH PH

ipsc HCC

HCC 1P&C

Figure 6: Heatmap showing the expression profile for the commonly expressed A) 2582
MRNAs and B) 259 miRNAs in hepatocyte lineage corresponding to endoderm layer.
Clustering shows iPSC_H to be closest to the cancer counterpart HCC

2.3.3. Oncogenic signature within the mesodermal lineage specific cells derived from
iPSCs:

The DE genes and DE miRNAs across the test and control samples have been prsented
in Table 5. Venn diagram in Figure 7 displays the DE genes and DE miRNAs which are
commonly differentially expressed in iPSC_C and its cancerous counterpart SC with the
primary cells i.e PC as control. Further hierarchical clustering [Figure 8] with this set of
genes and miRNAs depicted the clustering of the iPSC_C with its cancerous counterpart
SC rather than clustering with its primary counterpart, PC. Hence, these set of miRNAs
and mRNAs bear the clue towards the remanance of such oncogenic contamination
within the iPSC derived cardiomyocytes corresponding to mesodermal lineage.

DE mRNAs DE miRNAs
Control Test Up Down Up Down
samples
PC iPSC_C 3561 2167 360 360
PC SC 4899 3427 404 320

Table 5: Differentially expressed mRNAs and miRNAs across the different samples
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A) mRNA B) miRNA

PC vs

iPSC_C 4054 PCvs SC PC vs

iPSC_C 309 PCvsSC

Figure 7: Venn diagram showing the overlap of the differentially expressed A) mRNAs
and B) miRNAs between PC versus iPSC_C & PC versus SC

A) B)

ip sC

ac ip

PC PC

Figure 8: Heatmap showing the expression profile for the commonly expressed A) 4054
MRNAs and B) 309 miRNAs in cardiomyocyte lineage corresponding to mesoderm
layer. Clustering shows iPSC_C to be closest to the cancer counterpart SC

2.3.4. Target prediction and pathway analysis with the signature set of miRNAs and
genes:

Next, we looked for the significant set of mMiRNA-mRNA interactions pertaining to such
oncogenic contaminations within the iPSC derivatives corresponding to all the 3 germ
layers. For this, target prediction (using targetscan) was conducted separately for the
negatively correlated miRNA and mRNA gene expression datasets corresponding to each
germ layers. Subsequently, ParasoR [19] was utilized to filter the targeted genes based
on the presence of accessible regions within the target gene. Table 6 represents the
predicted miRNA-mRNA target pairs comprising of ‘oncogenic signature’ specific
miRNAs and mRNA:s.

Further, the targeted genes of each germ layer underwent rigorous functional and pathway
analysis using IPA to find out their involvement in oncogenicity. We observed that a
majority of the top significant pathways were associated with carcinogenesis and
identified several shared pathways across the three germ layers [Figure 9].
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Figure 9: Dot plot Analysis of the miRNA target genes across the Ectoderm, Endoderm

and Mesoderm
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Subsequently, from pathway analysis, it has been observed that 116 significant pathways
were common among the three germ layers [Figure 10].

Ectoderm Endoderm

Mesoderm

Figure 10: Common pathways among the three germ layers

These 116 pathways were thoroughly investigated to ascertain their association with
oncogenicity. We specifically selected those pathways which are directly implicated in
general carcinogenesis, excluding those associated with tissue-specific cancers resulting
in total 47 pathways. We extracted gene information corresponding to these 47 pathways
along with their targeting miRNAs for each germ layer separately, and investigated their
relationships with epigenetic modifications and functions. Epigenetic modifications, such
as DNA methylation and histone acetylation, can alter gene expression patterns without
changing the underlying DNA sequence. Dysregulation of these modifications can lead
to aberrant gene expression, disrupting cellular processes and promoting carcinogenesis
[22-25]. Table 6 represents the miRNA-gene target pairs for ectoderm, endoderm and
mesoderm which are (both miRNA and the target gene) associated with either histone
modification or chromatin remodelling or other type of epigenetic modification.
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Targeting miRNA Targeted Gene Epigenetic Function

hsa-miR-184 PRKCB Histone modification
hsa-miR-9-5p MBD4, MSH6, DNA and Histone Modification

CBX2, BRCA1,

TLK1, UBE2H,

USP3

Ectoderm hsa-miR-18a-3p HDACI11, CBX7 Histone modification

hsa-miR-375 SP100 Chromatin remodeling cofactor
hsa-miR-218-5p GADD45B Chromatin remodeling
hsa-miR-146b-5p ATR Histone modification write
hsa-miR-330-5p HDAC11 Histone modification erase
hsa-miR-27a-5p CBX7 Histone modification read
hsa-miR-425-3p ARRB1 Histone modification

hsa-miR-196a-5p, hsa- ZBTB16 Histone modification erase
miR-16-5p, hsa-miR- cofactor

28-5p, hsa-miR-483-

5p

hsa-miR-126-5p SP100, PRKAA1, Histone modification write and

KAT2B Chromatin remodelling cofactor

hsa-miR-18a-3p, hsa- CBX7 Histone modification read
=lefelo g miR-19b-3p

has-miR-15b-3p, has- PRKAA1 Histone modification write

miR-20a-3p, has-miR-

30e-3p

has-miR-1275, hsa- GADDA45B Chromatin remodeling

miR-140-5p

hsa-miR-421 PRKAG2 Histone modification write

cofactor

hsa-miR-520e DNMT3A DNA maodification

hsa-miR-507 ACTB Chromatin remodeling cofactor

hsa-miR-196a-5p ZBTB16 Histone modification erase
cofactor

hsa-miR-429 HDAC4, NCOR2 Histone modification

hsa-miR-377-5p BRCC3, DOT1L, Histone modification

Mesoderm : PRMT2 . — -

hsa-miR-638 PRKAB2 Histone modification write
cofactor

hsa-miR-516b-3p CTBP1 Chromatin remodeling

hsa-miR-193b-5p PHF19, MBD1 Histone modification write
cofactor

hsa-miR-618 CHEK1 Histone modification write

hsa-miR-31-3p UBE2B Histone modification write

Table 6: MiRNA-mRNA target pairs bearing ‘oncogenic signature’ and their associated role in
epigenetic events

Our analysis unveiled an "oncogenic signature™ present within iPSC-derivatives across
the three germ layers, suggesting a predisposition to tumorigenicity. Notably, a subset of
miRNA-mRNA target pairs bearing this signature is known to influence epigenetic events
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which might be the underlying cause of the presence of such remnant oncogenic
contamination within these derivatives. Studying the interplay between epigenetic
modifications and miIRNA/MRNA regulation in iPSC derivatives is paramount for
several reasons. Firstly, iPSC-based therapies hold immense promise for regenerative
medicine, but concerns surrounding tumorigenicity necessitate rigorous safety
assessments. Investigating how these miRNA-induced epigenetic changes influence their
target genes is crucial for understanding potential mechanisms of oncogenic
contamination. These findings will help to develop strategies to mitigate the risk of
tumorigenesis, ensuring the safety and efficacy of iPSC-derived therapies for clinical
translation. Moreover, uncovering the regulatory networks governing epigenetic
modifications in iPSC derivatives enhances our fundamental understanding of cellular
reprogramming and differentiation processes, facilitating the optimization of protocols
for generating safer and more reliable iPSC-based therapies. Overall, this study not only
addresses critical safety concerns but also contributes to advancing the field of iPSC
research towards its clinical applications in regenerative medicine.

2.4. Conclusion

Navigating the path towards safe and effective iPSC-based regenerative therapies
presents considerable challenges. Thorough screening to assess the tumorigenic nature of
pluripotent stem cells and their derivatives is imperative to ensure their safe utilization in
regenerative therapy. Therefore, in this study, we employed an extensive bioinformatic
approach to explore miRNA-mRNA target interactions, which possess the potential to
trigger oncogenic contamination within iPSC-derived cells corresponding to the three
germ layers. We identified a set of mMiIRNA-MRNA target pairs exhibiting an "oncogenic
signature.” These mRNA targets are known to influence epigenetic events, likely
contributing to the occurrence of oncogenic contamination within these derivatives.
This study aimed to outline a roadmap for producing safer iPSC-derivatives. We've
uncovered insights into the miRNA-induced epigenetic alterations potentially driving
oncogenic transformation within these derivatives across three germ layers. Further
functional assays will be crucial for bolstering this conclusion. Overall, our findings offer
valuable insights into deciphering the factors governing pluripotency versus
tumorigenicity, thereby paving the way for safer regenerative therapies and enhancing
the success of iPSC technology in the foreseeable future.
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CHAPTER 3| Influence of reprogramming methods
towards imparting oncogenicity to stem cell derivatives

Abstract:

The presence of oncogenic contamination in induced pluripotent stem cell (iPSC)
derivatives across all the three germ layers raise concerns regarding the safety and
reliability of these cell populations for therapeutic applications. The generation of
iIPSCs through various reprogramming methods involving different factors instigates
us to check whether this can be one of the potential causes of the remnant oncogenicity
within iPSC derivatives. Hereby, in this chapter, we specifically focused on iPSC-
derived endothelial cells belonging to the mesodermal layer and analyzed datasets
corresponding to iPSC-derived endothelial cells where different reprogramming
methods have been used to generate the iPSCs, alongside control and cancerous
counterparts. Our analysis unveils the presence of an oncogenic signature within iPSC
derived cells irrespective of the germ layers as well as the reprogramming methods
used to generate the iPSCs. It will serve as the basic framework for developing a quality
control measure to predict the eligibility of these iPSC derivates to be used for
regenerative therapy.

Presented this work at Cold Spring Harbor Laboratory Conference Regulatory & Non-Coding
RNAs, 2022: “Investigating the non coding RNA mediated oncogenicity in induced pluripotent

stem cell derivatives ”

3.1. Introduction

It has been observed that induced pluripotent stem cell(iPSC) derived cells possess an
oncogenic contamination which limits its usage for regenerative therapy. In our previous
chapter (Chapter 2), it has been shown that this oncogenic signature persists within iPSC
derivatives corresponding to all the three germ layers viz. ectoderm, endoderm and
mesoderm. From here we traced back our journey to look into the generation of the iPSCs
to investigate if the clue lies there.

iPSCs are generated from somatic cells that have been reprogrammed using combination
of different transcription factors [1]. Reprogramming factors, crucial in this conversion,
play essential roles in transforming somatic cells into a pluripotent state akin to
embryonic stem cells. Following Shinya Yamanaka's groundbreaking research, retroviral
vectors containing transcription factors like Oct4, Sox2, KlIf4, and c-Myc (OSKM) have
become extensively employed. Later lentiviral-based reprogramming became another
efficient and robust method [2]. But scientists have started using different cocktail of
transcription factors to generate iPSC as the use of viral vectors has raised concerns due
to potential genomic integration and the associated risk of tumorigenicity [3].
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To address these concerns, alternative methods have been explored. Episomal vectors,
designed to minimize genomic integration, provide a safer approach [4]. These vectors
can replicate autonomously in the host cell without integrating into the genome, reducing
the risk of unintended genetic changes. Sendai virus-mediated reprogramming is a non-
integrating method that employs an RNA virus, specifically the Sendai virus, to deliver
reprogramming factors into target cells [5]. This method is advantageous for cellular
reprogramming as it ensures transient expression of reprogramming factors, minimizing
the risk of genomic alterations and providing a safer alternative for the generation of
IPSCs. Another alternative involves mRNA transfection, where the reprogramming
factors are delivered as mRNA molecules rather than being integrated into the genome
[6]. This approach allows for transient expression of these factors, avoiding long-term
genetic alterations and minimizing the risk of tumorigenicity. These alternatives address
safety concerns and provide versatility in iPSC generation. In addition to vector-based
methods, innovative approaches utilizing small molecules to modulate signalling
pathways associated with pluripotency have gained traction [7]. Small molecules offer a
more controlled and defined means of reprogramming, allowing for fine-tuning of
cellular processes. As the field progresses, ongoing research aims to optimize these
methods [Figure 1], considering their respective advantages and challenges.
Understanding the intricacies of these reprogramming strategies is crucial for tailoring
IPSC production to specific research or clinical needs, ensuring the safe and efficient
derivation of pluripotent stem cells for a variety of applications in regenerative medicine
and beyond.

Sox2
Oct4d @
o 0 3
e 154 Buk -Myc ’ Kif4
Non-integrating vectors )
( SeV, episomes) mRNAs and miRNAs Reprog[amming
proteins
Fibroblasts e
7 == = ° ... Bl
> — - < ::‘ e,
2
Integrating viral vectors Small molecules
(retro, lenti virus) 1 Reprogramming

iPSCs
Figure 1: An overview of primary reprogramming techniques employed for the
derivation of induced pluripotent stem cells (iPSCs) [8]
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In this chapter, we addressed the question as to whether the reprogramming method used
for iPSC generation influences the occurrence of oncogenic transformation in the iPSC-
derived cells. We have chosen iPSC derived endothelial cells (iPSC_EC), derived from
the mesodermal lineage, as our experimental system to carry out this task. The rationale
for selecting this cell type is based on its relevance to vascular biology and regenerative
medicine along with the availability of data, specifically; data pertaining to various
reprogramming methods is accessible only for endothelial cells. By analyzing datasets
corresponding to iPSC-derived endothelial cells, where the iPSCs have been generated
using different reprogramming methods, alongside human umbilical vein endothelial
cells (HUVEC) as control and appropriate cancerous counterparts, we sought to elucidate
the relationship between reprogramming methods and oncogenic propensity. Our in-
silico analysis revealed a persistent oncogenic signature within all these iPSC derived
endothelial cells irrespective of the reprogramming method. This observation puts up a
pressing need towards developing quality control measures in iPSC-derived cell-based
therapies. This work warrants further investigation to unveil the underlying molecular
mechanisms behind such remnant oncogenic signature.

As microRNAs (miRNAs) play a crucial role in modulating carcinogenic processes by
regulating the expression of various mRNAS, as demonstrated in Chapter 2, we directed
our focus toward these regulatory noncoding molecules. We generated small RNA
sequencing data in our lab corresponding to the test and the control groups to elucidate
the miRNA signatures within them. Our findings were supported by wet lab validations.

In light of these findings, it is imperative to gain a deeper understanding regarding the
molecular mechanisms driving oncogenic contamination in iPSC derivatives. Such
insights will not only enhance the safety and efficacy of iPSC-based therapies but also
pave the way for the development of innovative strategies to mitigate the risk of
oncogenic transformation in iPSC-derived cell populations.

3.2. Methods

3.2.1. Different methods of iPSC generation:

The method of iPSC generation is the key event which directs a cell to be reprogrammed.
Numerous techniques are available for generating iPSC lines, yet those most appropriate
for investigating human diseases and developing therapies should demonstrate sufficient
efficiency to produce iPSCs. These methods should also be capable of reprogramming
cells derived from both skin fibroblasts and blood. Several reprogramming approaches
meet these criteria and can be applied to obtain iPSCs in projects aimed at both
fundamental scientific understanding and therapeutic advancements. We have considered
the following different reprogramming methods for our analysis based on availability of
data (Table 1).
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Method Trancription Factors used
Sendai Virus mediated reprogramming OCT4, SOX2, KLF4 and cMYC
Episomal reprogramming OCT3/4, shp53, SOX2, KLF4, LMYC, and LIN28
Lentiviral reprogramming OCT4, SOX2, KLF4 and MYC

Table 1: Different reprogramming methods and their transcription factors

3.2.2. Dataset collection and Experimental Grouping:

We took mRNA expression datasets (sequencing) corresponding to iPSC-derived
endothelial cells (iPSC_EC), HUVEC as positive contol and breast cancer and ovarian
cancer as cancerous counterpart for all the different methods of iPSC generation from
GEO database (Table 2). In the analysis, MCF7 and OVCARS3 cell lines had been
considered for breast cancer and ovarian cancer, respectively.

iPSC derivative Primary Counterpart Cancerous Counterpart
Reprogra | iPSC-derived EC HUVEC Breast Carcer | Qvarian canoer
mming Accession | No. of | Accession | No. of | Accession | No. of | Accession | No. of
method

No. samples No. samples No. samples No. samples

Sendai |GSE195559 3

Episomal |GSE214306 3 GSE191240 3 GSE215084 3 GSE166767| 3

Lentiviral |GSE141136 3

Table 2: RNAseq data corresponding to different reprogramming methods along with Primary and
Cancerous Counterpart

Global gene expression profile analysis was done with these samples, where HUVEC
served as the control, iPSC_EC served as the test sample 1 and the cancer counterparts
as test sample 2 (Table 3).

iPSC derivative Cancerous Counterpart Primary Counterpart
iPSC-derived Endothelial ~ Breast Cancer (BC) Ovarian Cancer Human umbilical vein
Cell (0VvC) endothelial cell (HUVEC)
(iPSC_EC)

Table 3: Experimental Grouping of the samples

3.2.3. Long RNA sequencing data analysis:

The quality of the raw reads was checked using FastQC [9]. Reads were initially aligned
to the reference genome using Hisat2 [10]. Samtools [11] was used to assemble the files
which were required for differential gene expression analysis using Cuffdiff [12].
Differentially regulated genes were determined using p-value <0.05 and fold-change cut-
off >2.0.
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3.2.4. Pathway analysis:

To conduct functional annotation of the differentially expressed gene set, we utilized
QIAGEN's Ingenuity® Pathway Analysis (IPA®, QIAGEN Redwood City,
http://lwww.ingenuity.com/) software. This software employs the Ingenuity Pathways
Knowledge Base (Ingenuity Systems, Inc., Redwood City, CA) to allocate biological
functions to genes. The research direction shifted towards investigating the pathways of
the similarly regulated gene expression of the three methods, driven by the goal of
identifying crucial pathways regulated regardless of the reprogramming method, with a
particular focus on their implications in oncogenicity.

3.2.5. Cell culture and Preparation for sequencing:

We had procured HUVEC from Invitrogen and MCF7 (Breast Cancer cell line) and
OVCARS3 (ovarian cancer cell line) from CLS (https://www.clinisciences.com/).
IPSC_EC cell line was a generous gift from Dr. Joseph Wu lab, Stanford University. The
IPSC_EC cell line was generated via sendai virus mediated reprogramming. HUVEC,
MCF7 and OVCARS3 were cultured in Medium 200 (GIBCO), DMEM (GIBCO) and
RPMI (GIBCO) respectively, supplemented with 10% fetal bovine serum (FBS) and
0.1% penicillin/streptomycin and at 37°C, in a humidified atmosphere of 5% CO2
[Figure 2]. Cells were passaged in a fixed duration of time and cryopreserved in a regular
manner.

HUVEC MCF7 OVCAR3

For sequencing, all the samples (cryoprserved vials of HUVEC, OVCAR3 and iPSC_EC)
were taken out from liquid nitrogen and pelleted down after thawing. Cell pellets were
washed with freshly prepared PBS and labeled properly. There were two replicates for
each sample. The vials were then sent to Genotypic, Bangalore for sequencing.
NEXTflex™ Small RNA-Seq Kit v3 was used for library preparation. Illumina-
compatible sequencing libraries were quantified by Nanodrop and checked in Agilent
RNA Bioanalyzer for integrity.

3.2.6. Experimental Grouping and Small RNA sequencing data analysis:

Raw small RNA expression profile data was received in fastq format. HUVEC served as
the control, iIPSC_EC served as the test sample 1 and OVCAR3 as the cancerous
counterpart test sample 2 (as previously mentioned in Table 3). For breast cancer, online
available data from GEO (https://www.ncbi.nlm.nih.gov/geo/) (GSE171282 -
3replicates) for MCF7 had been utilized.
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The quality of the raw reads was checked using FastQC [9]. BLAST [13] was used to
align the reads with known miRNAs obtained from miRBase [14]. Differentially
regulated miRNAs were determined using Deseq2 [15], with fold-change cut-off >2.0.
The workflow for small RNA analysis is shown in Figure 3.

BLAST
i (alignment

DeSeq2

FASTQC (CHEEEDY

(quality

with miRBase
miRNAS)

expressed

control) miRNAS)

Figure 3: Workflow for small RNA sequencing
3.2.7. miRNA Target gene prediction:

Differentially expressed miRNAs were subsequently selected to forecast their target
genes from the pool of commonly regulated gene set obtained from pathways analysis.
TargetScan [16] was employed for predicting gene targets, followed by filtration using
Parasor [17], which refines the targeted genes based on accessible regions.

3.2.8. Total RNA and small RNA isolation followed by cDNA synthesis:

Long and small RNA were separately extracted from the four cell lines utilizing the
miRNeasy Mini Kit (Qiagen, Cat. 217004). In brief, cells at approximately 80% to 90%
confluence in T-25 flasks were lysed using Qiazol. RNA extraction was carried out from
the lysate following the manufacturer's protocol. The quantification of RNA was
performed using a NanoDrop-LITE spectrophotometer. For cDNA synthesis, 1ug of total
RNA was utilized in reverse transcription PCR using the Verso cDNA synthesis Kit
(Thermo Scientific), following the manufacturer's instructions.

3.2.9. Quantitative real time PCR:

The amplification of target genes was carried out using SYBR® Select Master Mix
(Applied Biosystems™) on a 7500 Fast Real-Time PCR System (Applied Biosystems).
All mRNA quantification data were normalized to GAPDH (an endogenous control). The
fold differences in target gene expression were calculated relative to HUVEC. For
miRNA quantification, gRT-PCR was conducted using the miRCURY LNA miRNA
PCR Starter Kit (Qiagen #339320) following the manufacturer's protocol, with mir-103a-
3p serving as the endogenous control for miRNAs. Statistical analysis was performed
utilizing a paired t-test, with a p-value of < 0.05 considered statistically significant.
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3.3. Results and Discussion

3.3.1. Oncogenic signature within the iPSC_EC generated via different reprogramming
method:

The differentially expressed genes (DEGS) for different experimental groups have been
put up in Table 4.

Differentially expressed mRNAs
Control Test samples

Upregulated Downregulated

iPSC_EC (Sendai Virus) 2467 2454

iPSC_EC (Episomal Vector) 2913 2642

HUVEC iPSC_EC (Lentiviral) 2145 2970

BC 2800 3325

ovC 2398 3486

Table 4: DEGs across the different samples

Thereafter, we screened the common set of MRNAs [Figure 4A, B, C] across all the 3
sets for all types of reprogramming methods.

A) Sendai Virus B) Episomal Vector C) Lentiviral
Mediated Mediated Mediated
HUVEC vs HUVEC vs HUVEC vs
iPSC_EC iPSC_EC iPSC_EC
HUVEC SN HUVEC HUVEC HUVEC HUVEC | HUVEC

Iy Vv OVC wsBC | vsOVC wsBC | vsOVC

Figure 4: Venn diagram showing the overlap of the differentially expressed mRNAs
among HUVEC versus iPSC_EC, HUVEC vs BC & HUVEC versus OVC of different
methods

Hierarchical clustering of iPSC_EC, HUVEC and cancerous counterparts had been done
using the expression profile of these common set of MRNAs (Figure 5A, B, C).
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Reprogramming Methods Heatmap
A) Sendai Virus Mediated HIUWED |
BC |
iPSC_EC | |
ove |

B) Episomal Vector

Mediated Ll

iPSC EC | |
HUVEC

BC l

BC

OWe

iPSC EC

HUWEC |

Figure 5: Heatmap showing the expression profile for the commonly expressed mRNAs

in the samples. Clustering shows iPSC_EC to be closest to the cancerous counterparts in
all the three methods

C) Lentiviral Mediated

The heat map in Figure 5 reveals that that iPSC_EC (for which iPSC is generated via
different reprogramming methods) cluster with the cancerous counterparts rather than
with the primary counterpart HUVEC. This indicates the presence of oncogenic
contamination within iPSC-derivative irrespective of the reprogramming method used
for generating the iPSCs.

3.3.2. Common gene signature associated Pathway Analysis:

We observed that 277 genes are upregulated and 502 genes (779 in total) are
downregulated in all the iPSC_ECs corresponding to different reprogramming methods
along with the cancerous systems [Figure 6]. The pathway analysis of these commonly
regulated genes was conducted to assess their functional implications using IPA. Given
the same cell type, though generated from different reprogramming methods, it can be
inferred that iPSC_EC should maintain similar modifications to exhibit oncogenic traits.
By elucidating these consistent regulated pathways, the study aimed to uncover
fundamental mechanisms underlying oncogenicity that transcend specific
reprogramming techniques, enhancing our understanding as to what are the key factors
behind such oncogenicity.
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Episomal

Sendai Viral
Reprogramming

Lentiviral

Reprogramming Reprogramming

Figure 6: Commonly expressed genes with same regulation pattern among three

reprogramming methods

178 significant pathways were identified from the pathway analysis. These pathways
were meticulously examined to determine their association with oncogenicity. We
focused on pathways directly linked to general carcinogenesis, excluding those associated
with tissue-specific cancers, resulting in a total of 122 pathways [Figure 7] for further
analysis.

Function

Tumorigenesis of tissue

Metastatic solid tumor

Metastasis

Invasive cancer

Interphase of tumor cell lines
Interphase of carcinoma cell lines
Interaction of tumor cell lines
Incidence of tumor

Growth of solid tumor

Growth of malignant tumor

G1 phase of tumor cell lines

Formation of solid tumor

Extrahepatic metastasis

Embryonal tumor

Development of tumor cell lines
Development of malignant tumor
Development of carcinoma

Colony formation of tumor cell lines
Colony formation of cells

Cell viability of cancer cells

Cell transformation

Cell proliferation of tumor cell lines
Cell proliferation of hepatoma cell lines
Cell proliferation of carcinoma cell lines
Cell cycle progression of tumor cell lines
Cell cycle progression of carcinoma cell lines
Binding of tumor cell lines

Attachment of tumor cell lines
Advanced malignant tumor

Advanced malignant solid tumor

Categories

. Cancer and Abnormalities

I cancer and cell Death and survival
. Cell-To-Cell Signaling and Interaction

B ceicyee

. Cellular Development,Cellular Growth and Prolifer:

o
o
=3
=]

200 400
Count

Figure 7: Barplot showing the functional distribution of the genes
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3.3.3. Small RNA profile reveals oncogenic properties:
After analyzing the raw data, we specifically chose reads that precisely aligned with the
complete sequences of mature miRNAs. The data statistics for each dataset, along with
the counts of unique miRNAs, is provided in Table 5.

SampleName | Totalnoof Reads | 100 SEATIRIAE | ated mihas
iPSC_EC_repl 5668378 645594 180
iPSC_EC_rep2 12830672 726597 176
HUVEC_repl 16740951 13506136 784
HUVEC_rep2 10123243 5871736 389
OVCAR3 _repl 15554033 5678382 394
OVCAR3_rep2 5411365 1412327 252
MCF7_repl 7173617 6734868 990
MCF7_rep2 8431928 8489580 1076
MCF7_rep3 7581453 8261495 1007

Table 5: Expressed miRNA counts across the different samples

We observed that 128 miRNAs were consistently expressed in both replicates of
iIPSC_EC. Additionally, 346, 214, and 783 miRNAs exhibited consistent expression
across replicates of HUVEC, OVCARS3, and MCF7, respectively. For the subsequent
differential analysis, we identified 124 miRNAs commonly expressed in both HUVEC
and iPSC_EC, 185 miRNAs in HUVEC and OVCARS, and 285 miRNAs in HUVEC and
MCF7. Following the differential analysis using Deseg2 (P-value <0.05 and fold-change
cut off of > 2.0), we focused on the common set of mMiRNAs among the three differential
panels [Figure 8].
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Figure 8: The overlap of the expressed miRNAs among the differential miRNA set

Further hierarchical clustering of iPSC_EC, HUVEC, MCF7 and OVCARS3 had been
done using the expression profile of these common set of 33 miRNAs [Figure 9].

HUVEC

ipsc EC

MCFE7T

OWCARS

Figure 9: Heatmap showing the expression profile for the commonly expressed 33
mMiRNAs in the samples. Clustering shows iPSC_EC to be closest to the cancerous
counterpart

The findings from Figure 11 provide clear evidence that iPSC_EC (generated via Sendai
virus reprogramming) clusters more closely with the cancerous counterpart rather than
HUVEC. This observation strongly suggests the presence of oncogenic contamination
within iPSC derivatives, with respect to miRNA expression profiles too.

3.3.4. miRNA-mRNA target association toward oncogenicity:

To elucidate the regulatory dynamics between miRNA and mRNA governing such
oncogenic contamination, a comprehensive approach was undertaken involving target
prediction analysis between these molecular entities. Among the 33 DE miRNAs, it has
been found that 7 miRNAs are upregulated and 6 miRNAs are downregulated in
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IPSC_EC, MCF7 and OVCARS3. We predicted the negatively correlated targets of these
miRNAs within the previously obtained common 122 pathway associated genes (Table
6) using TargetScan followed by a filtration using ParasoR for accessible region.

Target Up miRNAs - Down Genes Down miRNAs - Up Genes
Prediction
Steps No. of miRNAs No. of Genes No. of miRNAs No. of Genes
Input Set 7 202 6 85
Target Prediction 6 161 4 69
ParasoR 6 79 4 29

Table 6: No. of miRNAs and mRNAs for target prediction

Following the determination of target pairs, meticulous examination of the miRNAS'
mode of action ensued, delineating their specific regulatory pathways and interactions.
Subsequently, emphasis was placed on elucidating the functional significance of the
targeted genes, delving into the intricacies of their regulatory responses based on the
directional modulation induced by the corresponding miRNAs. Overall, this rigorous
analytical approach illuminated the intricate interplay between miRNAs and their target
MRNAs (Table 7), unveiling the multifaceted regulatory landscape underlying cellular
processes and molecular pathways.

miRNA Mode <_)f miRNA Eunction Targeted | Mode gf Gene Association in
Regulation Gene  |Regulation Cancer
Low RhoQ levels
RHOQ were associated vylth
Promotes cell poor overall survival
hsa-miR-182-5p proliferation and with aden(_)carcmoma
suppresses A potential tumour
cell apoptosis suppressor through
NFIC . .
U Down the epigenetic
re ulgted Regulated modification
g g Inhibits tumor
Promotes tumor growth and
e i angiogenesis by PPP1R12 metastasisthrough
hsa m|3R 148a activating the B regulating
P EGFR/MAPK Grb2/PI3K/Akt
signalling pathway signalling
RHOQ Mentioned earlier
Reported as a tumor
suppressor in several e
hsa-miR-411-5p cancers, regulates CASP6 Verified as an
: . oncogene
Down proliferation, U
requlated migration and invasion re ulgted
g Prevented the g
hsa-miR-6869- _proll_feratlon and NMNAT1 ConS|der_ed a poor
5p invasion of cancer prognostic marker
cells

Table 7: Screened set of mMiRNA-mRNA target pairs
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Subsequently, we pursued experimental validation through quantitative real-time
polymerase chain reaction (QRT-PCR) to assess the expression levels of the identified
miRNA-target gene pairs. Our experimental results showed a concordance between in
silico analyses and real-time observations [Figure 10].
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Figure 10: qRT-PCR validation for the A) miRNAs - hsa-miR-182-5p and hsa-miR-
148a-3p and B) the target genes - PPP1R12B and CASP6

Specifically, the expression profiles of two miRNAs, namely hsa-miR-182-5p and hsa-
miR-148a-3p [Figure 10A], exhibited consistent significant upregulation in iPSC_EC,
MCF7 and OVCAR3 with respect to HUVEC in both in silico predictions and gRT-PCR
analyses. In addition to this, our real-time PCR expression analysis revealed a concurrent
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downregulation of the target gene PPP1R12B and the upregulation of the target gene
CASP6 [Figure 10B].

On the contrary, gRT-PCR analyses for the downregulated miRNAs hsa-miR-411-5p and
hsa-miR-6869-5p exhibited low expression levels in iPSC_EC and cancer systems
compared to HUVEC [Figure 11] as is expected from our in silico analysis. But these
observed downregulations were not statistically significant. Similarly, the expression
patterns of the target genes NFIC, RHOQ, and NMNATL1 (data not shown) were
consistent with the trends observed in the in silico analysis. Nevertheless, fold change
calculation did not yield significant regulatory alterations in these target genes too with
respect to the control. Hence we are in the process of repeating these experiments.
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Figure 11: qRT-PCR validation for the miRNAs - hsa-miR-411-5p and hsa-miR-6869-
5p

It is pertinent to highlight the oncogenic nature of miR-182-5p (miR-182), a microRNA
found to be highly expressed in various tumors, including colorectal cancer (CRC) [18].
Despite its expression in the early stages of tumorigenesis, its precise role in driving
cancer development remains elusive. Additionally, its upregulation in non-small cell lung
cancer (NSCLC) tissues has been associated with tumor recurrence [19], where it serves
as an independent prognostic factor. Functionally, miR-182-5p overexpression has been
shown to promote cancer cell migration and invasion in lung cancer [19]. Another
miRNA, miR-148a-3p, found in glioma and osteosarcoma, has been implicated in tumor
angiogenesis through activation of the EGFR/MAPK signaling pathway [20].

The PPP1R12B axis, known to inhibit tumor growth and metastasis, exerts its regulatory
influence by modulating the Grb2/P13K/Akt signaling pathway in colorectal cancer [21].
Additionally, the caspase-6-mediated cleavage of RIPK1 [22] is significant in regulating
oncogenicity. RIPK1 downregulation has been observed in iPSC derivatives and cancer
systems based on our in-silico analysis. RIPK1 inactivation via caspase-mediated
cleavage is crucial for development and may have implications in tumorigenesis.

These highlight the intricate molecular interplay driving cancer pathogenesis, wherein
MIiRNAs, target genes, and signaling pathways emerge as key players governing tumor
initiation, progression, and metastasis. Recognizing the regulatory networks orchestrated
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by these molecular entities holds significant promise for developing strategies aimed at
generating iPSC derivatives devoid of oncogenic contamination.

These findings suggest that while there may be trends suggestive of regulatory
modulation, the observed changes in expression levels of miRNAs and their target genes
may not reach statistical significance within the experimental context examined. This
highlights the complexity of miRNA-mediated regulatory networks and underscores the
importance of considering various factors that may influence gene expression dynamics
in different biological systems. Further investigations employing larger sample sizes or
additional experimental conditions may provide greater statistical power to discern subtle
regulatory effects and shed more light on the functional significance of these miRNA-
target interactions in specific physiological or pathological contexts.

By elucidating the roles of specific miRNAs, target genes, and signaling cascades
implicated in cancer development, researchers gain crucial insights into the underlying
mechanisms driving oncogenic transformation in iPSC derivatives. Strategies may
involve fine-tuning culture conditions, optimizing differentiation protocols including
duration of differentiation, and implementing stringent quality control measures to ensure
the safety and integrity of iPSC-derived cell populations.

3.4.Conclusion

Understanding the nuances of these reprogramming strategies is crucial for tailoring iPSC
production to specific research or clinical needs. Each method comes with its unique set
of advantages and challenges, contributing to an ongoing dialogue on optimizing iPSC
generation for therapeutic applications. As we delve deeper into these techniques, we not
only enhance our understanding of stem cell biology but also move closer to harnessing
the full potential of iPSCs for diverse and personalized applications in regenerative
medicine.

Overall, our findings suggest that iPSC derived endothelial cells bear oncogenic signature
irrespective of reprogramming methods which reveals that reprogramming factors are not
the sole reason for oncogenic contamination in iPSC derivatives. Functional analysis also
helped us to get a clear picture of the dominant regulatory hubs which gets distorted and
eventually contributes to the aberrations within these cells. Ultimately, advancing our
knowledge of these regulatory networks not only enhances our understanding of cancer
biology but also paves the way for the development of safer and more efficacious iPSC-
based therapies and regenerative medicine approaches. By mitigating the risk of
oncogenic contamination, we can harness the full potential of iPSC technology for
regenerative therapy.
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CHAPTER 4| Development of a prediction model to
predict the oncogenic status of an iPSC derived cell

Abstract: Assessing the safety of induced pluripotent stem cell (iPSC)-derived cells
post-differentiation is paramount for their effective use in therapeutic applications. In
our previous work, it has been shown that the transcriptome and the microRNome of
the stem cell derivatives corresponding to all the three germ layers bear a remnant
oncogenic signature irrespective of the various reprogramming methods used for
generating its parent iPSCs. We were able to decipher the essential miRNA-target gene
induced pathways which play a dominant role towards inducing such oncogeninc
contamination. Current strategies to detect the oncogenic contamination within these
differentiated counterparts of the iPSCs typically require invasive and ethically
challenging animal transplantation studies. To address these limitations, we have
developed a novel machine learning based prediction model based on the interesting
clues revealed from the miRNA-target gene induced pathways responsible for such
oncogenicity, as obtained from our previous work, to assess the oncogenicity within
IPSC-derived cells using transcriptome data. Subsequently, it also provides the list of
genes which act as a dominating contributory factor behind such contamination.

4.1. Introduction

In recent years, induced pluripotent stem cells (iPSCs) and their derivatives have emerged
as invaluable tools in regenerative medicine, disease modeling, and drug discovery.
However, one significant challenge that limits the usage of iPSCs and its derivatives is
the potential risk of oncogenic contamination, which can compromise the safety and
efficacy of its downstream applications. From the previous work as detailed in chapter 2
and 3, it has been clearly seen that the transcriptome and the microRNome of the stem
cell derivatives corresponding to all the 3 germ layers bear a remenant oncogenic
signature irrespective of the various reprogramming methods used for generating its
parent iPSCs. In such a venture, we were able to decipher the essential miRNA-target
gene induced pathways which play a dominant role towards inducing such oncogeninc
contamination.

Hence our work reiterates the importance of adopting rigorous safety assessments to
mitigate potential risk of developing cancer while using iPSC derivatives for regenerative
therapy. While conventional methods like marker assays and pluripotent gene expression
[1] analyses provide valuable insights into the differentiation status of iPSC-derived cells,
detecting oncogenic transformation within them often requires labor-intensive and
ethically challenging animal transplantation studies.
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There have been previous reports regarding prediction tools like 'PluriTest' [2] which was
developed to assess pluripotency in order to minimize animal sacrifice, but there exists
no such prediction models to detect the presence of oncogenic contamination in iPSC-
derived cell populations.

This motivated us to move a step ahead to develop a sort of robust quality control measure
for checking the purity of newly generated iPSC derivatives. With such motivation along
with the interesting clues obtained from our studies reported in chapter 2 and 3, we
developed a prediction model to predict the oncogenic status within an iPSC derivative
based on its transcriptome data. It is a machine learning (ML) model which uses features
that have been obtained from the transcriptome and microRNome analysis of the iPSC
derived cells previously in chapters 2 and 3. Our model offers a cost-effective approach
to ensure the safety and reliability of iPSC-derived cell populations for therapeutic use.
Further, it also provides the list of genes which act as a dominating contributory factor
behind such contamination.

4.2. Methods

4.2.1. Dataset collection, Data Preprocessing and Feature Selection:

On analyzing the transcriptome and microRNome corresponding to the iPSC derivatives
from the 3 germ layers and with a detailed knowledge regarding the miRNA targeted
enriched pathways responsible for the remnant oncogenic contamination within them, the
training dataset to develop a robust prediction model for predicting the quality of the
iIPSC derivatives have been constructed. The detail of the training dataset is provided in
Table 1. In brief, we utilized a training dataset comprising primary cells corresponding
to the three germ layers as positive training datasets and cancerous samples as negative
training datasets. Positive training data include primary cells representative of the
ectodermal, mesodermal, and endodermal lineages, ensuring comprehensive coverage of
cell types derived from each germ layer. These primary cells served as reliable
benchmarks for assessing the normal phenotype of iPSC-derived cell populations post-
differentiation. Conversely, negative controls consisted of cancerous samples, chosen to
represent instances of potential oncogenic contamination within iPSC-derived cell
populations. By juxtaposing positive and negative data, we aimed to train the prediction
model to accurately discriminate between normal and aberrant cellular phenotypes,
thereby enhancing its efficacy in detecting oncogenic signatures within iPSC derivatives.
All the datasets correspond to [HG-U133_Plus_2] Affymetrix Human Genome U133
Plus 2.0 Array.
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Germ Positive Positive Training Negative Negative Training
Layer Training Set Sample IDs - #of Training Set Sample IDs - #of
samples samples
Ectoderm Neuron GSE12679 - 6 Neuroblastoma GSE51978 - 3
GSE19332 -7 GSE13273-2
GSE40438 - 8 GSE4600 - 3
Endoderm Hepatocyte GSE62962 - 2 Hepatocellular GSE18269 - 3
GSE18269 - 6 Carcionoma GSE29084 - 2
GSE23031 - 3
Mesoderm | Cardiomyocyte GSE59704 - 2 Sarcoma GSE17800 - 8
GSE32911-1 GSE14975 -5

Table 1: Training dataset corresponding to the primary cells belonging to different germ layers,
along with their cancerous counterpart

Microarray data analysis had been done using affy
(https://www.bioconductor.org/packages/release/bioc/html/affy.html) package. In order
to remove technical variations across all samples, the datasets had been normalized using
scikit-learn (https://scikit-learn.org/) [3]. Finally, data has been batch corrected using sva
(https://www.bioconductor.org/packages/release/bioc/html/sva.html) package, such that
model training can be employed in seamless manner. The principle feature selection
criteria is based on the results obtained from our previous studies (detailed in chapter 2
and 3). Our first work resulted in 116 common pathways across ectodermal, mesodermal,
and endodermal lineages which were responsible for oncogenic contamination within the
IPSC derivatives. The 2nd work revealed 178 commonly enriched pathways which
played a key role for oncogenic contamination within the iPSC derived cells irrespective
of the different reprogramming methods considered in our analysis. We finally obtained
the common set of pathways from these 2 sets of analysis in order to get the set of
pathways that contributes to such contamination irrespective of the germ layers as well
as reprogramming methods used for generating the parent iPSCs. We employed extensive
literature mining at this stage to screen out the most important set of pathways among
these that are involved highly with oncogenicity. The expression profiles of the genes
involved in these screened pathways served as training features for segregating normal
samples from the cancer ones.

4.2.2. Building of Prediction Model:

We have deployed both supervised classification model and dimensionality reduction
based visualization technique in terms of Logistic Regression and Uniform Manifold
Approximation and Projection (UMAP) models respectively for predicting the purity of
an iPSC derivative. Both of these models have been trained with normal and cancerous
samples. Our guiding principle behind selecting such a simplest model is to give more
importance on feature set responsible for regulating the oncogenic property.

Logistic Regression: We have incorporated the simplest classification technique in
forms of logistic regression [4] in segregating two classes. It is the robustness of selected
features which achieve higher accuracy in separating the normal samples from the
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cancerous ones linearly. Furthermore while deploying such a classification model it also
determines the overall feature importance regulating the oncogenic property in iPSC
derived cell.

UMAP based Visualization Technique: Furthermore, we have incorporated the
dimensionality reduction based visualization technique in forms of UMAP [5] which
allows the user to visualize the closeness of the samples corresponding to the normal or
cancerous counterpart from training dataset. The main advantages in utilizing the UMAP
plot against the Principal Component Analysis is that it is operated in non-linear mode,
further we have implicated supervised UMAP procedure, which would allow user to
compare the iPSC derived sample against the training. UMAP is far more advanced
comparing to the other dimensionality reduction algorithms as it preserved the local
structure pretty well allowing user to visualize their sample across different clusters [6].

Both R and Python programming languages have been incorporated in order to create the
in-silico analysis based prediction tool. R based libraries are mainly downloaded from
Bioconductor (https://www.bioconductor.org/) software packages, whereas Anaconda
(https://www.anaconda.com/products/distribution) served for Python based prediction
tool. Python has been utilized to create prediction tool where data has been preprocessed
using Pandas (https://pandas.pydata.org/) and Numpy (https://numpy.org/) libraries.
Finally we have utilized both Matplotlib (https://matplotlib.org/) from python and
ggplot2 (https://ggplot2.tidyverse.org/) from R to create various plotting.

Deviation_Score, determining the set of dominant contributory factors behind such
oncogenicity: One of the most significant goals associated with our analysis is
determination of the most important set of genes that significantly contributes towards
dictating the status of a newly generated iPSC derived cell, provided it turns out to be
oncogenic. This will be provided using the ‘Deviation Score’ associated with those
genes. We can extract the Deviation_Score associated with those genes using the
following formula.

Expression

Deviation_Score = (Knormal

Expression
Cancer

—Expressionmput)2+Stability Factor

1)

—Expressionmput)2+Stability Factor

Where,

Expression

Nvormar 1S Expression value of Normal training Sample of given Gene

Expression

cancer 1S EXpression value of Cancerous training Sample of given Gene

Expression,,,. is the Expression value of Input sample of given Gene

Stability Factor is a small number to remove numerical instability such as
division by zero. Here it is considered as 0.001

Main hypothesis of equation (1) is the determination of those genes which are maximally
perturbed in terms of Deviation_Score.
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For an input sample which turns out to be oncogenic, genes constituting the feature set
are sorted based on the Deviation_score in descending manner so that the experimentalist
can get an idea regarding the major dominating factors that contribute towards such
oncogenicity.

The overall workflow depicting how the prediction model will work is presented in
Figure 1.
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Figure 1: Working principle of the Prediction Model

The entire code (for endodermal lineage as example) for the model is provided below:

Feature Selection Training

Following code depicts the python based feature selection scheme mapping across
various gene and probesets elucidated from manually selected pathways.

import pandas as pd
import numpy as np

df=pd.read csv('train data/hepato norm frma.txt',6 sep='\t"')
df.rename ({'Unnamed: 0':'PROBEID'},axis=1,inplace=True)
print (df.shape)

df .head (1)

dfl=pd.read csv('train data/hepato pathway no regulation for
umap.txt')

print (dfl.shape)

dfl.head (1)

df2=pd.read excel('train data/significant hepato.xlsx', sheet n
ame="'Sheet5")
print (df2.shape)
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df2.head (1)

df2=df2[df2.GENE SYMBOL.isin (dfl.GENE SYMBOL.values) ]
print (df2.shape)

df2=df2[['PROBEID', 'GENE SYMBOL']]

df2.head (1)

df=pd.merge (df,df2,on=["'PROBEID'])
print (df.shape,df.columns)
df.head (1)

df[[’PROBEID’,’GENE_SYMBOL']].to_csv('train_data/Hepato_Select
ed_Probes.csv’,sep=’\t',index=False)

df.to csv('train data/Hepato Training Expression.csv',6 sep='\t'
, index=False)

Expression Generation From Unknown Samples

We have incorporated R based packages to extract normalized intensity value using
fRMA package from raw microarray samples.

print ('Load Libraries ..."'")

library(affy)
library (hgul33plus2.db)
library (frma)

pd=read.AnnotatedDataFrame ("test data/Hepato Test Pheno.txt",h
eader=TRUE, row.names=1)

print ('"Read Affymetrix Array Files ..."'")
raw_data = ReadAffy(filenames=rownames (pData(pd)))

print ('Normalize Data using fRMA ...")
eset data=frma (raw data)

eset data

write.exprs(eset data,file='test data/Hepato Test Intensity.tx
t',sep="\t")

Batch Correction

As training samples belong to different GSE, we have executed batch correction to
remove experiment specific technical variation using R based Combat tool.

library(sva)
library(dplyr)
library(tidyverse)
library(affy)

df=read.csv('train data/hepato norm frma.txt',6 sep='\t', row.nam
es = 1, check.names=FALSE, stringsAsFactors=FALSE)
df=df[,6:21]
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head (df)

dfl=read.csv('Test Data/Hepato Test Intensity.txt',6 sep='\t',ro

w.names = 1, check.names=FALSE,stringsAsFactors=FALSE)

head (df1l)

final=merge (df,dfl,by = 'row.names', all = TRUE) %$>%
column_ to rownames (var = 'Row.names')

final=as.matrix (final)
dim(final)
head (final)

pheno=read.AnnotatedDataFrame ('Test Data/batch corrected pheno
_hepato.csv',header=TRUE, row.names=1,sep=",")

pheno=pData (pheno)

batch = pheno$Batch

head (pheno)

modcombat = model.matrix(~1, data=pheno)
combat edata = ComBat (dat=final, batch=batch, mod=modcombat,
par.prior=TRUE, ref.batch = 1,mean.only = FALSE)

combat edata=as.data.frame (combat edata[,colnames (combat edata
)%$1n% colnames (dfl)])

write.csv(combat edata,file='Test Data/batch corrected hepato
INTENSITIES.txt', quote=FALSE)

Feature Selection Test

Following snippets generates expression value from the batch corrected normalized

unknown test samples.
import pandas as pd
import numpy as np

df=pd.read csv('test data/batch corrected hepato INTENSITIES.t
xt")

df.rename ({'Unnamed: 0':'PROBEID'},axis=1,inplace=True)

print (df.shape)

df.head (1)

dfl=pd.read csv('train data/Hepato Selected Probes.csv',6 sep='\
t')

print (dfl.shape)

dfl.head (1)

df=pd.merge (df,dfl,on=["'PROBEID'])

df .drop (['PROBEID'],axis=1,inplace=True)
print (df.shape,df.columns)

df .head (1)
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df.to _csv('test data/Hepato Test Expression.csv',sep='\t',inde
x=False)

UMAP Model

In order to validate the correctness of genetic features, we have deployed the UMAP
based clustering technique, such that normal and cancer samples are completely
separated.

import pandas as pd

import numpy as np

import pickle

import matplotlib.pyplot as plt

from sklearn.preprocessing import StandardScaler
from umap import UMAP

import matplotlib.patches as mpatches

import pickle

df=pd.read csv('train data/Hepato Training Expression.csv', sep
="\t")

df .drop (['PROBEID'],axis=1, inplace=True)

print (df.shape)

df .head (1)

df=pd.DataFrame (df .groupby ([ 'GENE SYMBOL']) .mean()) .reset inde
x ()

print (df.shape,df.columns)

df .head (3)

train df=df[df.columns[6:]]
train df.columns,train df.shape

dfl=pd.read csv('test data/Hepato Test Expression.csv',6 sep='\t
")
print (dfl.shape)

dfl.head (1)
dfl=pd.DataFrame (dfl.groupby ([ 'GENE SYMBOL']) .mean()) .reset in
dex ()

print (dfl.shape,dfl.columns)

dfl.head (1)

val df=dfl[dfl.columns[1l:]]
val df.columns,train df.shape

X train=train df.values
X train=np.transpose (X train)
X train.shape

X val=val df.values
X val=np.transpose (X val)
X val.shape
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scalerl=StandardScaler ()
X train norm=scalerl.fit transform(X train)
X val norm=scalerl.transform(X val)

pickle.dump (scalerl, open ('Hepato StandardScaler.sav', 'wb'))

X val norm=np.concatenate([X train norm,X val norm])
X val norm.shape

umapl = UMAP (metric='cosine',random state=1l)
mapper=umapl.fit (X train norm)
pickle.dump (umapl, open ('Hepato UMAP.sav', 'wb'))

X train umap=umapl.transform(X train norm)
X val umap=umapl.transform (X val norm)

label val=['green', 'green', 'green', 'green', 'green',
'green', 'green', 'green',
'red', 'red', 'red',6 'red', 'red', 'red',
'red', 'red',
'orange', 'orange', 'orange', 'orange', 'orange',
'orange', 'orange', 'orange', 'orange',
'orange', 'orange', 'orange', 'orange', 'orange',
'orange', 'orange', 'orange', 'orange', 'orange',
'orange', 'orange', 'orange', 'orange',

'blue', 'blue', 'blue', 'blue', 'blue', 'blue', 'blue', 'blue’',
]

classes=['PRIM', "HCC', '"HEPG TEST', 'PRIM TEST']

fig, ax = plt.subplots(l, figsize=(10, 10))
plt.scatter (*X val umap.T, s=90,c=np.array(label val),
alpha=1.0)

class colours = ['b','r','orange', 'qg"']

recs = []

for 1 in range(0,len(class colours)):

recs.append (mpatches.Rectangle ((0,0),1,1,fc=class colours[i]))

plt.legend(recs,classes, loc=1, fontsize=25)

Logistic Reqgression

Here we have deployed logistic regression based supervised classification technique
using selected genetic features which are validated with unknown test samples as
screened in previous steps.

import pandas as pd
import numpy as np
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import pickle

%gmatplotlib inline

import matplotlib.pyplot as plt

from sklearn.preprocessing import StandardScaler
from sklearn.linear model import LogisticRegression

df=pd.read csv('train data/Hepato Training Expression.csv', sep
=l\tl)

df .drop (['PROBEID'],axis=1, inplace=True)

print (df.shape)

df .head (1)

df=pd.DataFrame (df .groupby ([ 'GENE SYMBOL']) .mean()) .reset inde
x ()

print (df.shape,df.columns)

df .head (3)

train df=df[df.columns[6:]]
train df.columns, train df.shape

dfl=pd.read csv('test data/Hepato Test Expression.csv',6 sep='\t
")
print (dfl. shape)

dfl.head (1)
dfl=pd.DataFrame (dfl.groupby ([ 'GENE SYMBOL']) .mean()) .reset in
dex ()

print (dfl.shape,dfl.columns)

dfl.head (1)

val df=dfl[dfl.columns[1:]]
val df.columns,train df.shape

train df=train df.copy()
print (train df.columns)
train df=train df.transpose()
train df.reset index(inplace=True)
label=[0,0,0,0,0,0,0,0,1,1,1,1,1,1,1,1]
for 1 in train df.index.values:

train df.loc[i, '"LABEL']=label[1i]
train df.LABEL=train df.LABEL.astype (np.intl6)
train df=train df.sample (frac=1,random state=1)
train df.drop(['index'],axis=1,inplace=True)
train df

train data=train df.values
X train=train datal:,:-1]

Y train=train datal:,-1]

X train.shape,Y train.shape

X val=val df.values
X val=np.transpose (X val)
Y val=pp.arrey([(1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,
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0,0,0,0,0,0,0,01)

X val.shape

scalerl=pickle.load(open ('Hepato StandardScaler.sav', 'rb'))
X val norm=scalerl.transform(X val)
X train norm=scalerl.transform(X train)

model

LogisticRegression (random state=1,class weight='balanced')
model.fit (X train norm,Y train)

print (str(model.score(X train norm,Y train)))

print (str(model.score(X val norm,Y val)))
pickle.dump (model, open ('Hepato Logistic Regression.sav',

'wb'))

feat names=df.GENE SYMBOL.values
X Train LR DF=pd.DataFrame (data=X train norm, columns=feat name

S)

X Train LR DF.head()

feat imp

pd.DataFrame (zip (X Train LR DF.columns,model.coef [0]*np.power
(10,2)), columns=['Feature', 'Value'])
feat imp.to csv('Hepato Feature Importance.csv', index=False,se

p:l\tl)
feat imp.head()

4.2.3. Verification with Unknown Dataset:

In order to validate the efficacy of the developed prediction model, we collected
additional datasets corresponding to both normal and cancerous samples of same
microarray platform (JHG-U133 Plus_2] Affymetrix Human Genome U133 Plus 2.0
Array). These datasets were designated as the validation dataset (Table 2) and served the
purpose of evaluating the model's ability to accurately distinguish between cancerous and

normal samples.

Germ Layer Sample Type Accession ID No. of Samples
Ectoderm Neuron from healthy GSE161355 5
donor GSE68605 3
GSE19332 6
Neuroblastoma cell GSE67338 3
line GSE130747 2
GSE115406 3
GSE65459 2
Mesoderm Cardiomyocytes GSE120895 8
from healthy donor GSE76701 4
GSE51472 5
Sarcoma Cell line GSE56112 6
GSE21306 1
GSE10021 1
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Hepatocyte from GSE154198 3

Healthy donor GSE115410 3

GSE108047 12

Endoderm ngatocellula_r GSE190473 4
carcinoma cell line GSE183790 2

GSE99663 1

GSE125180 3

GSE78736 4

Table 2: Validation Dataset
4.2.4. Application of the Prediction Model:

In the application phase, we used unknown datasets corresponding to iPSC derived
neurons, hepatocytes, and cardiomyocytes (as provided in Table 3). These datasets were
subjected to evaluation using the prediction model.

Germ Layer iPSC derivative Type Accession ID No. of Samples
GSE76830

_ ] GSE106382
Ectoderm iPSC derived Neuron GSE59051

GSE96826

GSE62203
Mesoderm iPSC derived Cardiomyocytes GSE119559
GSE90000
GSE75888
GSE80279
Table 3: Unknown Samples used for testing the prediction model

P OFPWRAWONPM~O

Endoderm iPSC derived Hepatocytes

4.2.5. Robustness of the Prediction Model:

To assess the model's versatility to predict the status of iPSC derivatives beyond neuronal,
cardiac and hepatocytic lineages, we collected data from iPSC derived cells
corresponding to other lineages (Table 4) to be tested by our prediction model. All these
datasets belong to the same microarray platform ([HG-U133_Plus_2] Affymetrix Human
Genome U133 Plus 2.0 Array).

Sample Type Accession ID No. of Samples
RPE GSE80985 9
GSE96853 2
iPSC derived RPE GSE43257 1
GSE64264 2
GSE15824 3
Astrocytes GSE145935 3
iPSC derived Astrocytes GSE87385 2

Table 4: Dataset comprising cell types other than neuron, cardiomyocyte and hepatocyte

4.3. Results and Discussion

4.3.1. Pathway analysis leads to feature selection:

When comparing the 116 pathways shared among ectodermal, mesodermal, and
endodermal lineages with the 178 shared pathways identified through analysis of three
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types of reprogramming methods, we identified 41 overlapping pathways. Upon closer
examination of these pathways, we identified 12 pathways directly implicated in general
carcinogenic processes. Furthermore, we extracted the genes associated with these 12
pathways corresponding to each germ layer separately [Figure 2]. These gene sets served
as the selected input features for constructing the prediction model.
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Figure 2: No. of Genes associated with selected pathways

4.3.2. Training and validation of the model for accuracy:

Utilizing the selected features, we developed a prediction model using a supervised
classification approach. This model utilized the expression profiles of the identified
significant genes as training features, enabling effective discrimination between normal
and cancerous samples. Visualization of the training data through UMAP clustering
unveiled distinct clusters corresponding to normal and cancerous samples, providing a
visual representation of the model's ability to capture the underlying patterns in the data.
Moreover, analysis of the validation dataset offered valuable insights into the model's
performance, demonstrating its proficiency in accurately distinguishing between
cancerous and normal samples across the ectodermal, mesodermal, and endodermal
lineages [Figure 3].

65



CHAPTER 4

Germ Normal samples Cancerous Samples
Layer
* e e == NB |l ew == NB
- == PN - = PN
» EEm Unknown_ PN * Unknown_NB
Ectoderm
10 ° . . .
. o° ®oe
5 c * : “ ’ ‘e . o ® .‘
% wpme 3 3 S T 3 = 7
L ] N SC [ ) mm SC
" e | mm PC e == PC
P mEm Unknown_PC @ Unknown_sC
o of® o e
Mesoderm
- )
® ; s
- : ° 5 [) 3 ) 3 » %
= PH F . PH e ™t
Il HCC e = B HCC »
] Unknown_PH Unknown_HCC
Endoderm 0 ,
- =10
el @ ® ¢
-50 -25 oo 25 50 75 10.0 125 =15 . L

Figure 3: Validation of the model using unknown dataset; PN — Primary
Neuron, NB- Neuroblastoma, PC —Primary Cardiomyocytes, SC —-Sarcoma, PH
— Primary Hepatocytes, HCC — Hepatocellular Carcinoma

4.3.3. Application of Prediction Model:

Our initial step involved evaluating unknown iPSC-derived datasets of neurons,
hepatocytes, and cardiomyocytes. UMAP clusterings for these samples are depicted in
Figure 4.
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Figure 4: Visualization of Unknown iPSC derived samples

In order to get the exact status of the samples, logistic regression scores have been
checked. It's important to note that during model training, samples having probability
score to be > 0.5 are designated as cancerous and their status shows 1 whereas those
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having probability score to be < 0.5 have been designated to be non-cancerous with status
showing 0.

Prediction results (Table 5) for these unknown samples revealed GSM2544689 and
GSM2544690 to be having oncogenic contamination as they exhibited status 1, whereas
other samples displayed status 0, suggesting no oncogenic contamination within them.

GSM2038553 0 0.037329532
GSM2038554 0 0.144169941
GSM2038555 0 0.200503664
GSM2038556 0 0.217745569
GSM2038557 0 0.120656617
GSM2038558 0 0.046749853
GSM2038559 0 0.063271107
GSM2038560 0 0.116307479
GSM2836934 0 0.02252445

GSM2836935 0 0.00272135

GSM2836936 0 0.009471057
GSM2836937 0 0.008346807
GSM1425029 0 0.00245229

GSM1648149 0 0.127553182
GSM2544689 1 0.534973524
GSM2544690 1 0.770627487
GSM2544691 0 0.491967979

Table 5: Status and Probability scores of the unknown iPSC derived neuron samples; Rows
marked with same colour are the datasets coming from the same experiment

Interestingly, sample GSM2544691 from the same dataset displayed a status of 0. Upon
closer examination of its probability score, it was found to be 0.49, indicating a borderline
probability close to 0.5. This suggests that samples with scores around 0.5 have an equal
chance of being oncogenic or non-oncogenic. Given that stem cell differentiation is a
stochastic process, variations in differentiation timing and efficiency may contribute to
such discrepancies. Experimentalists encountering scores close to 0.5 may need to
monitor the expression of top deviated genes regularly while frequent subculturing of
cells for an extended period of time, which might change the status of the cells over time.
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4.3.4. Testing the Robustness of the Prediction Model:

Since no such models have been developed till today to detect the presence of
oncogenicity within iPSC derived cells, we couldn’t compare the efficiency of this model
with other similar models. However, to ascertain the robustness of the model for
providing prediction across a broader spectrum of iPSC derived cell types, other than
neurons, cardiomyocytes, and hepatocytes, we expanded our investigation (based on data
availability) to include additional cell types viz. RPE and astrocytes belonging to the
ectoderm layer. Leveraging the same analytical platform ([HG-U133_Plus_2]
Affymetrix Human Genome U133 Plus 2.0 Array), we meticulously analyzed the datasets
from these two cell types [Figure 5].

Primary Astrocytes and iPSC derived Primary RPE and iPSC derived RPE
Astrocytes
e . B Te . NS
o0 ee I PN
e Em PN | ———
® Il Astrocytes iPSC_RPE

iPSC_Astrocytes

]
4 .

°® ¢ ‘ ..". s ": ’.'-
: e . P «* s o0 oo .

Figure 5: UMAP Clustering on primary Astrocytes and RPE along with their iPSC
derivative states

Intriguingly, UMAP clustering revealed that primary astrocytes and RPE clustered with
the primary samples. This once again reveals the veratility of the feature set which can
distinguish between the primary cell type features and oncogenic features efficiently. The
IPSC derived astrocytes and iPSC derived RPE both clusters with their primary
counterparts which reveal that there are no remnant oncogenic signatures present within
them.

Through this rigorous validation effort, we aim to instill confidence in researchers
regarding the model's efficacy in assessing oncogenic contamination across a wide range
of iPSC-derived cell types, thus facilitating safer and more reliable applications of iPSC-
based therapies.

4.4. Conclusion
Our research has culminated in the development of a robust prediction model designed
to assess the presence of oncogenic contamination in iPSC-derived cells. We have tested
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the robustness of our model by using unknown test samples corresponding to diverse cell
types other than those used for training the model. We have come across both instances
where the iPSC derived cells have as well as do not have a remnant oncogenic
contamination within it, revealing the variability inherent in the process of cellular
differentiation.

We acknowledge that differentiation is not a deterministic process but rather a stochastic
one, influenced by various factors including cell culture conditions and timing. Indeed,
our observations suggest that incomplete or inadequate differentiation may contribute to
the persistence of oncogenic contamination in certain samples. In our prediction model,
the probability score plays a crucial role, as scores equal or close to 0.5 indicate an equal
probability of oncogenic or non-oncogenic status. In such instances, it is plausible that
extending the duration of differentiation or optimizing culture conditions along with
monitoring the genes with high deviation scores could potentially mitigate the risk of
oncogenic transformation.

There have been certain limitations in our study which needs to be addressed in future.
Firstly, the reliance on microarray data limits the scope of our analysis, and future studies
incorporating RNA seq as well as single cell datasets could provide a more
comprehensive understanding of oncogenic contamination in iPSC derivatives as well.
Additionally, our training data was constrained to three cell types each corresponding to
three germ layers, due to data scarcity, highlighting the need for expanded datasets
encompassing a broader range of cell types and experimental conditions. Last but not the
least, due to nonavailibility of such prediction models, we were unable to compare the
efficiency of our model with other similar models.

Looking ahead, further research efforts should aim to address these limitations and
explore novel avenues for mitigating oncogenic contamination in iPSC-derived cells. In
conclusion, despite such limitations, we expect that our developed prediction model will
serve as a crucial tool for researchers to assess the status of iPSC-derived cells for
potential oncogenic contamination within them prior to their subsequent application in
regenerative therapy. The novelty and utility of our prediction model hold significant
promise for advancing stem cell based regenerative therapy, offering researchers
invaluable insights into the safety and efficacy of iPSC-based approaches. By continuing
to refine and expand upon our findings, we can pave the way for safer and more effective
iPSC-based therapies, ultimately benefiting patients and advancing the field of
regenerative medicine.
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CHAPTER 5| piRNAQuest V.2: updating the piRNAome
for silencer

Abstract:

PIWI interacting RNAs (piRNAs) have gained prominence as crucial regulators of
gene expression. Following the initial release of piRNAQuest in 2014, substantial
advancements in piRNA research have resulted in the annotation of numerous novel
piRNAs across a diverse range of species beyond human, mouse, and rat. Responding
to these developments, we have, piRNAQuest V.2, comprising 92,77,689 piRNA
entries spanning 25 additional species across various phyla, alongside human, mouse,
and rat. This updated database not only furnishes fundamental piRNA attributes,
encompassing genomic coordinates and additional details on piRNA intersections with
repeat elements, pseudogenes, and syntenic regions, but also introduces innovative
features such as (i) density-based cluster prediction, (ii) piRNA expression profiles
across diverse healthy and pathological systems, and (iii) piRNA target prediction.
Noteworthy is the robustness of the density-based piRNA cluster identification
method, eschewing parametric distribution assumptions. The piRNA expression
profiles, encompassing 21 disease systems, including cancer, and 32 tissue-specific
piRNA expression profiles across various species provide a comprehensive resource.
Moreover, the piRNA target prediction section incorporates both predicted and curated
piRNA targets within eight disease systems and developmental stages of the mouse
testis. Users can visually explore the piRNA-target duplex structure and the ping-pong
signature pattern for all ping-pong piRNA partners across different species. In
summary, piRNAQuest V.2 stands as an updated, user-friendly database poised to
serve as an invaluable resource for the exploration, retrieval, and analysis of piRNA-
related information across multiple species.

Published in: RNA Biology 2022; 19(1): 12-25.

5.1. Introduction

PIWI-interacting RNAs, commonly known as piRNAs, constitute a distinctive class of
small non-coding RNAs (sncRNAS) that have gained prominence for their pivotal role in
regulating gene expression [1]. Operating in association with PIWI proteins, piRNAS are
primarily recognized for their involvement in silencing transposable elements in the
germline, thereby safeguarding genomic integrity [2]. Beyond their canonical function,
piRNAs have emerged as versatile molecules implicated in various biological processes,
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including epigenetic regulation, germ cell development, and potentially contributing to
the etiology of certain diseases [3]. The multifaceted nature of piRNAs and their
significance in diverse cellular contexts make them a subject of keen interest in
contemporary RNA biology and molecular research.

piRNAs constitute a diverse category of endogenous sncRNAs [4], typically ranging in
length from 25 to 33 nucleotides (nts). Distinct from other sncRNAs like miRNAs and
siRNAs, piRNAs undergo biogenesis through both primary processing pathways and an
amplifying ping-pong mechanism [5], independently of Dicer [6]. Primary piRNAS
emanate from specific genomic loci referred to as piRNA clusters [5], which can be dual-
strand clusters, producing piRNAs from both strands, or uni-strand clusters, such as the
flamenco clusters in Drosophila follicle cells and murine pachytene piRNA clusters,
generating piRNAs from a single DNA strand [7]. The ping-pong cycle involves the
generation of sense secondary piRNAs initiated by antisense primary piRNAs, leading to
the production of secondary antisense piRNAs, creating an amplifying loop in the process
[5,8].

While investigations across fish, flies, and mammals have consistently revealed a
conserved association between piRNAs and PIWI proteins [5,9,10], the advent of
evolving sequencing technologies has unveiled variations in piRNA length across
different species. In mammals, piRNAs are broadly categorized into two subclasses:
pachytene (29-33 nts) and pre-pachytene (26-28 nts) [11]. Conversely, in
Caenorhabditis elegans, these molecules are referred to as 21 U-RNA, reflecting a
distinct bias toward a length of 21 nts. Despite their predominant presence in germ cells,
recent studies have expanded our understanding by demonstrating piRNA expression in
diverse somatic tissues, including the brain, kidney, lung, liver, stomach, testis, ovary
[12-15], and notably, in various cancer types [16]. This observed breadth of piRNA
expression hints at potentially broader regulatory roles beyond the traditionally
recognized germline functions.

In the maintenance of genomic integrity within germ cell lineages, the robust expression
of PIWI proteins in germ and stem cells [17] plays a pivotal role in the regulation of
transposon activity, serving as a defensive mechanism [18]. Studies have illuminated the
critical function of MIWI, a PIWI homolog in mice, in orchestrating this process, as
mutations in MIWI have been linked to male infertility and the over expression of
retrotransposon transcripts [19]. Similar observations have been documented in flies [6].
The collaborative action of PIWI proteins and piRNAs within piRNA-induced silencing
complexes (piRISCs) constitutes the PIWI-piRNA pathway, where transposons are
silenced through complementary base-pair recognition between piRNAs and
transposons, culminating in the endonucleolytic cleavage of the target [20,21].

5.2. Current databases, their limitations, and the need for an updated database

Various existing databases, including piRNABank [22], piRBase [23], piRNAdb
(https://www.pirnadb.org), piRTarBase [24] and the piRNA Cluster Database [25], offer
valuable information on piRNAs across multiple species. Notably, piRBase stands out as
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a manually curated repository providing comprehensive piRNA information for diverse
species and specific disease systems. The piRNA Cluster Database
(https://mwww.smallrnagroup.uni-mainz.de/piRNAclusterDB/) is a specialized resource
dedicated to piRNA clusters, predicting clusters using proTRAC [26]. Although
piRDisease V1.0 [27] contains piRNA records associated with different diseases, it is
currently not accessible. Despite the extensive efforts in piRNA research, several areas
remain unexplored, such as the potential associations between piRNAs and long
noncoding RNAs (IncRNAs), or the influence of genomic elements within their loci on
their functional roles. Addressing these gaps, the initial release of piRNAQuest [28]
delves into these less-explored domains of the piRNAome, providing detailed piRNA
information for three species—human, rat, and mouse.

Despite the numerous computational tools dedicated to characterizing novel piRNAs
[29,30], the functional implications of these identified molecules remain largely unclear.
Consequently, there is a crucial need to discern potential piRNA targets, particularly
those associated with diseases. Another notable gap in existing databases is the lack of
comprehensive curation for both predicted and validated piRNA targets, encompassing
messenger RNAs (mMRNAs) and IncRNAs. This deficiency hampers the accessibility and
accuracy of information in this critical area of piRNA research. Moreover, the
identification of piRNA clusters, recognized as hotspots for piRNA biogenesis, presents
a formidable challenge within the current landscape of piRNA studies. Addressing these
knowledge gaps is paramount for advancing our understanding of piRNA functionality
and their potential roles in disease contexts.

This study introduces piRNAQuest V.2 as an updated and extended version of the
original piRNAQuest, featuring several enhanced functionalities. Notable additions
include: (i) an in-depth analysis covering 25 new species in addition to human, mouse,
and rat, extending the scope of the database, (ii) the implementation of a density-based
clustering approach [31] aimed at identifying 'hotspots of piRNA expression’ or '‘piRNA
clusters." Given the variability of piRNA distribution across genomic locations in
different species, this approach offers a novel perspective for identifying biologically
relevant piRNA clusters, (iii) the incorporation of tissue-specific piRNA expression
profiles across diverse species, (iv) an exploration of piRNA expression in various
disease systems, with a particular focus on different cancer types. Given the emerging
recognition of piRNAs in disease progression and diagnosis [32-37], understanding their
expression in different tissues and disease contexts is critical to unraveling their efficacy
and potential mechanisms of action in cancer, (v) piRNA target prediction within both
MRNAs and IncRNAs. This feature enhances the database's utility by facilitating the
identification of key contributors to disease development through the elucidation of
piIRNA-mRNA and piRNA-IncRNA interactions. Overall, piRNAQuest V.2 serves as an
advanced and comprehensive resource for investigating the roles of piRNAs in diverse
biological contexts, including disease progression and development.

In addition to the aforementioned comprehensive features, we have revamped the 'Tools'
section of the database in piRNAQuest V.2. This section now empowers users to predict
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pIRNA clusters with customized parameters, examine ping-pong pattern overlaps in their
sequences, and predict piRNA targets using the miRanda algorithm [38].

In summary, piRNAQuest V.2 stands as a user-friendly and versatile database tailored
for the multi-species exploration, search, and retrieval of piRNA-related information. The
inclusion of piRNA expression profiles in both normal tissues and cancer, coupled with
detailed insights into piIRNA targets, positions this database as a valuable and
indispensable resource for piRNA researchers, offering a platform for advanced analyses
and comprehensive investigations into the intricate world of piRNAs. The database is
available for free access at http://dibresources.jcbose.ac.in/zhumur/pirnagquest2.

5.3. Methods

5.3.1. Input dataset:

Sequencing data for small RNA reads corresponding to 28 species were acquired from
the National Center for Biotechnology Information (NCBI) Gene Expression Omnibus
(GEO) [39] as well as from supplementary information of different studies. Table 1
provides details on genome builds, genome annotation and repeat annotation availability,
and the count of piRNAs for each species. Updates include transitioning from hgl9 to
hg38 and rn5.0 to rn6.0 for human and rat genome builds, respectively. Normal tissues
and disease-specific data were also obtained for expression analysis. Data are gathered in
various formats such as fasta, gtf, and bed from respective sources. Repeat elements and
RefSeq annotated 5’'UTR, 3'UTR, exon, intron, and CDS information are sourced from
UCSC [40]. miRNA information is retrieved from miRBase 22 release. Annotated
piRNA sequences are downloaded in .fasta format from the NCBI [41]. LncRNA
information is sourced from LncRBase V.2 [42].

Species Phylum/Class Genome Build Nop?lelilr:Ai‘(gue

Human GRCh38/hg38 51509

Mouse GRCm38/mm10 2357673

Rat RGSC 6.0/rn6 190191
Chinese hamster CHOK1S_HzDv1/criGriChoV2 25626
Cow UMD_3.1.1/bosTau8 32147
Pig Sscrofall.l/susScrll 94818
Platypus ] ASM227v2/ornAna2 1400

Rabbit Chordata/Mammalia Broad/oryCun2 161564

Dog CanFam3.1/canFam3 1036427

Horse Broad/equCab2 1461782

Marmoset WUGSC 3.2/caljac3 1068209
Crab-eating macaque Macaca_fascicularis_5.0/macFas5 5380
Rhesus macaque BCM Mmul_8.0.1/rheMac8 55341
Northern Tree Shrew Broad/tupBell 32701
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Big Brown Bat EptFusl.0 228382
Zebrafish Chordata/Actinopterygii GRCz10/danRer10 154562
Chicken Chordata/Aves Gallus_gallus-5.0/galGal5 118784

Xenopus laevis o Xenopus_laevis_v2/xenLae2 1386083

— Chordata/Amphibia
Xenopus tropicalis JGI 9.1/xenTro9 11466
C. elegans Nematoda/Chromadorea WS220/cell 15365
Drosophila BDGP Release 6 + 1SO1 MT/dm6 250103

melanogaster

Drosophila erecta Euarthropoda/lnsecta droErel 12055
Drosophila yakuba WUGSC 7.1/droYak2 26892
Drosophila virilis droVir2 20192
Aedes Aedes_aegypti.AaeglL3 253408
- Arthropoda/Insecta -
Silkworm Bombyx_mori.ASM15162v1 223085
California sea hare | Mollusca/Gastropoda Broad 2.0/aplCall 221
Starlet sea anemone |  Cnidaria/Anthozoa ASM20922v1 2323

Table 1: Genome builds information and number of piRNA entries corresponding to different
species for piRNAQuest V.2

5.3.2. Data processing and ID assignment:

The process of assigning distinct identifiers to non-redundant piRNA entries closely
aligns with the methodology employed in the piRNAQuest [28] platform. Initially,
sequencing data underwent alignment to their respective genomes. Subsequently, reads
mapping to other sncRNAs were filtered out, and those predicted to be piRNAs were
selected using an internally developed script. Following this, non-redundant reads
underwent realignment with the reference genome to achieve complete alignment without
mismatches. These reads were then annotated with unique piRNAQuest IDs, adopting
the format [three-letter abbreviation of the species name] piRNA[number]. It is pertinent
to note that the annotation 1Ds remain consistent for human and mouse, as established in
the preceding version. The sole deviation lies in the annotation of rat compared to the
prior version, where it lacked the three-letter abbreviation of the species name in its
annotation. Users are directed to the Help menu's ID conversion section for human,
mouse, and rat to access the previous IDs annotated in this version of the database. To
investigate the genomic distribution of piRNAs, we employed in-house perl scripts,
consistent with those utilized in the previous version, to explore their localization within
genes, intergenic regions, introns, coding sequences (CDS), untranslated regions (UTRs),
repeat elements, and pseudogenes.

5.3.3. piRNA cluster prediction using density based approach:

The previous cluster prediction protocol [43] faced a limitation by employing a fixed-
length window size for all species, neglecting the variations in read distribution among
different species. To address this limitation, we have implemented a novel approach using
the density-based clustering algorithm DBSCAN [31]. This Python-based, in-house
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protocol aims to identify piRNA clusters by taking into account the distinctive read
distribution patterns of piRNAs across the genome.

Clustering parameters: Two crucial parameters, namely 'Eps' (epsilon) and 'MinReads,’'
play a pivotal role in identifying candidate piRNA clusters. 'Eps' is defined as the distance
from a read to its nearest neighboring point, while ‘MinReads' represents the minimum
number of reads within this 'eps' distance. To establish optimal clustering parameters, we
conducted k-dist analysis, calculating the inter-distance between annotated piRNAs. This
involved determining the distance between each mapped read and its kth nearest
neighboring read, referred to as 'k-dist." The 'count versus distance' plot was then
generated, revealing a distinct valley until the k-dist followed a uniform distribution. The
distance at which the graph exhibited an asymptotic decrease for a given value of K is
denoted as 'eps.' Essentially, 'eps' represents the distance that repeats most frequently,
carrying the highest probability of defining cluster boundaries containing at least the
'‘MinReads' (representing the minimum number of reads within the cluster). Once 'Eps'
and 'MinReads' parameters are established for each chromosome corresponding to each
species, clusters are detected from the coordinate file of annotated piRNAs.

Cluster score: To quantify piRNA enrichment within each cluster, we computed a cluster
score for each piRNA cluster using the following method:

Cluster score
Total no of piRNAs in the cluster

= (1

~ Minimum no of piRNAs needed to form the cluster (kth value)

We additionally assessed the strand specificity of the clusters by examining the
directionality of the constituent piRNAs within each cluster. If a cluster comprises both
sense and antisense piRNAs, it is classified as a 'dual-strand cluster.” On the other hand,
if it includes exclusively sense piRNAs or antisense piRNAs, it is categorized as a 'uni-
strand cluster.’

piRNA clusters locations and characteristic motifs: (i) We employed in-house Perl scripts
to examine potential overlaps of piRNA clusters with coding genes, IncCRNAs, and repeat
regions. (ii) Notably, piRNAs exhibit a pronounced inclination to form clusters in
syntenic regions of the genome [44]. To investigate this, we acquired syntenic regions
from UCSC [40] and conducted a search for piRNA clusters within the corresponding
syntenic regions across different species. (iii) Utilizing MEME, we conducted an analysis
to identify any significant motifs present within the piRNA clusters [45].

5.3.4. Ping-pong Signatures within piRNAs:

The alternative pathway of piRNA biogenesis, known as ping pong amplification, reveals
a unique sequence based characteristic in piRNAs. Specifically, there is a 10-nucleotide
overlap observed between the antisense and sense piRNAs. To identify and visualize this
distinctive ping-pong signature pattern, an in-house Python script has been developed for
analysis.
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5.3.5. piRNA expression pattern in Normal and Disease systems:

We obtained small RNA sequencing data for various tissue types from the Gene
Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo). The dataset
comprises 243 samples, encompassing 32 types of normal tissue samples across different
species. In addition to the normal dataset, we analyzed 211 samples corresponding to 21
types of disease data, including 16 different cancer datasets. To scrutinize the expression
profile of piRNAs in both normal and disease systems, we employed BLAST [46] and
developed in-house Perl scripts. Subsequently, the expression levels of individual
piRNAs in a sample were normalized using counts per million (CPM) and screened based
on the z-score [47] falling within the range of -3 to +3. Users can visualize the expression
of the 200 most abundant piRNAs in each dataset. Furthermore, we examined the
distribution of each piRNA across all normal tissues or disease systems, representing the
data graphically to enhance understanding of their expression patterns within different
biological systems.

5.3.6. Target prediction:

Predictions of piRNA target pairs have been conducted, specifically identifying
interactions between upregulated piRNAs and downregulated IncRNAs and mRNAs, and
vice versa. The miRanda tool [38] was employed to predict piRNA targets within
IncRNAs, utilizing sequences retrieved from LncRBase V.2 [48]. For mRNA targets,
sequences from the 3' untranslated region (UTR) were obtained from UCSC [40]. The
criteria for target prediction involved a target score of 170 and an energy threshold of -
20 kcal/mol [49]. To enhance the utility of our database, we have integrated The Human
Protein Atlas [50] and Pathway Commons [51] databases, linking them to the targeted
genes for subsequent pathway and pathology-based analyses. Additionally, our database
encompasses a collection of experimentally validated piRNA targets for human, mouse,
and C. elegans, meticulously curated from published reports.

The comprehensive workflow detailing these processes has been illustrated in Figure 1.
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Figure 1: Workflow of piRNAQuest V.2

5.4. Results

piRNAQuest V.2, an updated version of the original piRNAQuest, consolidates
information on 92,77,689 piRNAs corresponding to 28 diverse species. This set
encompasses 25 newly included species, in addition to human, mouse, and rat, and spans
a phylogenetic spectrum from nematodes to chordates [Figure 2].

Figure 2: Taxonomical representation of species incorporated in piRNAQuest V.2,
Common names are used for the species with their respective Kingdom, Phylum and
Class

Beyond species coverage, this upgraded version introduces several additional features,
augmenting its significance relative to other piRNA databases. A comprehensive
tabulation of the updated features in piRNAQuest V.2 compared to the earlier version is
presented in Table 2.
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Database Content piRNAQuest piRNAQuest V.2
Number of species 3 28
piRNA entries 9,98,585 92,77,689
Chromosomal distribution Yes Yes
Association with Gene Yes Yes
Association with Pseudogene Yes Yes
Association with Repeat elements Yes Yes

Cluster information

Yes (Lau et al.
Method), for 3

Yes (Density based clustering approach),
for 19 species

species
Association of clusters with Genomic
. Yes Yes
regions
Syntenic piRNA clusters Yes Yes
Ping-pong piRNAs Yes Yes
Ping-pong pattern Visualization No Yes
Tissue specific expression Yes (Tissue type - Yes (Tissue type — 64, Dataset - 242)
6, Dataset - 9) '
piRNA disease association No Yes (21 types of diseases included)
Graphical representation of expression No Yes (For 64 tissue types and 18 disease
systems)
Predicted piRNA - mRNA target pairs No Yes (For seven types of cancer, .
asthenozoospermia and mouse testis)
Predicted piRNA targets within INCRNAs No Yes (For seven types of cancers)
piRNA target genes (literature curated) No Yes (for Human, Mouse and C. elegans)
Target prediction tool No Yes
Ping-pong overlap prediction tool No Yes

Table 2: Comparison of features between piRNAQuest and piRNAQuest V.2

Additionally, a feature-wise comparative analysis between piRNAQuest V.2 and other
piRNA databases is presented in Figure 3. Notably, among the 28 species, nine species,
including Chinese hamster, Sea hare, Tree Shrew, Brown Bat, Silkworm, Mosquito,
Drosophila virilis, Drosophila erecta, and Starlet sea anemone, lack annotations.
Consequently, genomic localization and associated features are provided solely for the
remaining 19 species. Of these, four species, namely Chinese hamster, Tree Shrew,
Drosophila virilis, and Drosophila erecta, have repeat-associated piRNAs identified,
leveraging available repeat annotations from UCSC. Visualization of this information in
graphical format can be accessed through the 'Statistics' submenu under the 'Help Menu'

of the database.
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Figure 3: Comparison of the features of different database with piRNAQuest V.2

5.4.1. Genomic Distribution of piRNAs:

piIRNAQuest V.2 provides comprehensive information on piRNAs across multiple
species, exhibiting a notable increase in piRNA entries compared to its predecessor. The
distribution of piRNAs on chromosomes has been specifically mapped for 19 out of the
28 species covered (as indicated earlier). Notably, human chromosome 15 stands out as
having the highest abundance of piRNAs, consistent with our findings in the previous
version of piRNAQuest. It is noteworthy that chromosome 15 in humans is recognized
for harboring a substantial number of low-copy repeats, commonly referred to as
duplicons [52]. These duplicons facilitate nonhomologous recombination events,
contributing to genome instability [53]. The presence of a significant piRNA population
on chromosome 15 may serve as a strategic response to counteract such challenges
associated with genome instability. piRNAs are well-documented for their pivotal role in
safeguarding genome integrity [6], and their accumulation on this particular chromosome
could be a protective mechanism against the adverse effects of nonhomologous
recombination events. Moreover, the highest concentration of piRNAs is found in
chromosome 7 of mice and chromosome 1 of rats. Notably, among the recently
incorporated species, chromosome 1V of C. elegans (previously reported [54]) and
Chromosome 2R of Drosophila melanogaster exhibit the greatest abundance of piRNAs.

The prevalence of piRNAs in intergenic regions surpasses that in intronic regions across
various species, as depicted in Figure 4. Notably, intergenic piRNAs play a crucial role
in early embryonic development [55], given their abundance in these regions.
Additionally, intergenic regions are known to harbor IncRNA loci [56]. Consequently,
an investigation was conducted to identify the presence of IncRNA loci coinciding with
piRNA clusters composed of intergenic piRNAs, and the results are presented later in the
'PiIRNA clusters overlapping with IncRNAs' section. In contrast, piRNA abundance in the
3'UTR, 5' UTR, and CDS regions is generally lower, except for specific cases such as
zebrafish, where there is high piRNA abundance in the CDS region, and C. elegans,
where there is notable piRNA abundance in the 3' UTR and 5' UTR regions [Figure 4].
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Figure 4 : The distribution of piRNAs across various genomic locations (Different
genomic locations are highlighted in different colours; Abbreviations used : UTR-
untranslated region, CDS - coding DNA sequence)

Furthermore, it has been discovered that pseudogenes regulate the stability of their
corresponding genes through small RNA-mediated silencing [57]. Recent findings
indicate that pachytene piRNAs originating from pseudogenes directly influence the
regulation of their parent genes [58]. This discovery prompted an exploration of the
presence of piRNAs within pseudogenes across 16 species with available pseudogene
information [59]. Significant overlaps between piRNAs and pseudogenes were identified
in multiple species, with human exhibiting the maximum overlap [Figure 5]. Notably,
pseudogene-derived piRNAs have been detected in mature human sperm cells,
suggesting their role in regulating the expression of their parent genes in male germline
cells [60].
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Figure 5: The distribution of piRNAs within pseudogenes

5.4.2. Repeat associated distribution of piRNAs:

piRNAs, originating from repetitive genomic regions, play a crucial role in silencing
transposons and regulating global gene expression during embryonic development [61]
in both insects and mice [5,62]. The genomic mapping of piRNA loci for all 19 species
reveals their association with seven major categories of repeat elements: LINE, SINE,
Simple repeat, DNA, Low complexity, Satellite, and LTR, as illustrated in Figure 6.

Vandewege et al. [63] documented a robust piRNA response in mammals like dogs and
horses, where these piRNAs are predominantly housed within the SINE repeat regions,
abundant in these species. Our database also reports the enrichment of SINE repeat-
associated piRNA loci for 12 mammalian species. Furthermore, there is an overlap of
piRNA loci with the LTR repeat family in human, mouse, and rat, whereas amphibian
piRNAs tend to overlap with DNA and Simple repeat families.In the order Diptera,
characterized by insects, Petersen et al. [64] observed an abundance of LTR repeats
within genomic loci corresponding to transposable elements. Our study aligns with this
observation, revealing piRNA-enriched regions in Diptera overlapping with the LTR
repeat family. The presence of such repeat regions within piRNA loci holds significant
implications, as demonstrated by Halbach et al. [61], who reported that satellite repeats
modulate global gene expression through piRNA-mediated gene silencing, a process
crucial for the embryonic development of Aedes.
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Figure 6 : Distribution of piRNAs within Repeat family (Different repeat families are
highlighted in different colours; Abbreviations used : LTR - Long-terminal repeat,
LINE - Long interspersed nuclear elements, SINE - Short interspersed nuclear
elements)

5.4.3. piRNA Biogenesis: Clusters and ping-pong signature:

piRNA clusters, recognized as pivotal sites for piRNA biogenesis, were initially
identified using a fixed window length of 20 kilobases (kb), as per the method outlined
by Lau et al. [43] in the first version of piRNAQuest. However, subsequent research,
notably by Rosenkranz in 2016, revealed that piRNA clusters are not uniformly
distributed across chromosomes and are not directly proportional to the chromosome
length [25]. The variation in piRNA read distribution across different chromosomes
emphasizes the importance of adapting the methodology for detecting piRNA clusters. In
response to these insights, the latest version of the database, piRNAQuest V.2, has
transitioned to a density-based clustering approach [31]. This approach is designed to
dynamically identify piRNA clusters, taking into account the varying piRNA read
distribution across the genome. This updated strategy has proven to be effective,
particularly in recognizing clusters successfully in chicken germ cells [65]. By avoiding
a fixed window size, the density-based clustering approach enhances the precision and
adaptability of piRNA cluster identification, contributing to a more accurate
representation of piRNA biogenesis dynamics.

The highest number of piRNA clusters was identified in chromosome 15 for humans.
This observation aligns with our previous findings in piRNAQuest. Additionally, for C.
elegans, our analysis concurs with existing reports, indicating that the maximum number
of piRNA clusters is located in chromosome IV. It is noteworthy that in C. elegans,
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although the function of these clusters remains unknown, there is a documented
prevalence of clusters within chromosome 1V [54]. Interestingly, in the context of sex
determining chromosomes, it has been reported that 'X' chromosomal piRNAs primarily
originate from clusters, in contrast to "Y' chromosomal piRNAs [25]. Our analyses extend
this observation to humans, mice, and rats, revealing a higher number of piRNA clusters
in the X' chromosomes compared to the "Y' chromosome. This information underscores
the potential significance of piRNA clusters in 'X' chromosomes, hinting at their
involvement in diverse biological processes related to sex determination and gene
regulation.

We investigated the arrangement of piRNA clusters within the IncRNA loci extracted
from LncRBase V.2. As indicated in the initial point of this results section, a noteworthy
concurrence of piRNA clusters was noted with intergenic IncRNAs [Figure 7],
representing transcripts originating between two gene loci. This observation aligns with
prior research findings [66]. Additionally, our examination extended to the juxtaposition
of piRNA clusters with repeat regions [Figure 8], revealing a parallel trend to that
identified in the distribution of piRNAs across repeat elements (depicted in Figure 6).
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Figure 7: Distribution of piRNA Clusters within intergenic INcRNAs
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Figure 8: Distribution of piRNA Clusters within Repeat elements

Distinctive motifs have been discerned for each of the piRNA clusters. These
exceptionally conserved motifs present within the piRNA clusters offer insights into
potentially shared piRNA binding sites within their respective target genes. Furthermore,
piRNAs originating from clusters derived from coding gene regions have the capacity to
modulate the expression of their 'host' genes [67]. In numerous species, a notable
percentage of total piRNA clusters have been identified to exhibit overlap with coding
regions [Figure 9].
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Figure 9: Distribution of piRNA Clusters within coding regions
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piIRNAs also undergo secondary biogenesis through the ping-pong amplification loop.
Investigations in Drosophila have revealed that somatic piRNAs typically lack the ping-
pong pattern, indicating that this amplification loop predominantly operates in germline
cells [68,69]. We assessed the distribution of ping-pong piRNAs across different
chromosomes. Notably, in humans, Chromosome 15 exhibits a pronounced prevalence
of ping-pong piRNAs, a finding corroborated by recent work by Ray and Pandey [70].
Over 50% of human ping-pong piRNAs manifest overlap with protein-coding genes,
suggesting a role in piRNA-mediated gene regulation [71]. Interestingly, less than 10%
of these piRNAs overlap with repeat elements, with the SINE repeat family being the
most prevalent. Contrary to prior findings by Das et al. [72] indicating an absence of
ping-pong amplification in nematodes, our analysis unexpectedly identifies 509 ping-
pong piRNAs in Chromosome 1V of C. elegans, hinting at a potential role of the ping-
pong loop in nematode biology.

5.4.4. piRNA expression across different tissue:

Initially, piRNA expression was confined to germline cells [44], but progressively, their
presence has been detected in somatic cells, with the somatic piRNA pathway identified
as a regulator of germline transpositions [73]. Consequently, we analyzed 243 small RNA
sequencing samples encompassing 32 tissue types across 25 species, including 13 human
tissue types. In humans, the highest abundance of piRNAs was observed in the brain,
followed by the colon, testis, and spermatozoa, suggesting a broader role for piRNAs not
only in germline cells but also in various somatic cells.

Previous research demonstrated the existence of piRNA complexes in mouse dendritic
spines within the brain, and the knockdown of these piRNAs resulted in reduced spine
density in the axons [55]. Recent studies also indicate that brain-associated piRNAs play
a role in suppressing retrotransposons, influencing brain pathology [74]. The length
distribution of piRNAs has been linked to the age of individuals within a species; for
instance, in Drosophila, piRNA length decreases with age [75]. Moreover, the loss of
methyltransferase results in piRNA instability, reduced piRNA length, and volume,
leading to male sterility during spermatogenesis [76]. Notably, our study revealed the
presence of approximately 36 nucleotide-long piRNAs in human sperm samples, a length
uncommonly expressed in most somatic cells.

5.4.5. Expression of piRNAs in disease systems:

Advancements in pathological research have underscored the significance of piRNAs in
the context of various diseases. Aberrant expressions of piRNAs and PIWI proteins have
been identified in numerous cancer systems, emphasizing their potential as innovative
biomarkers in therapeutic research [16]. Recent findings propose that dysregulation of
the piRNA pathways may disrupt the genomic stability of neurons, contributing to
various neurodegenerative disorders [77]. Given the pivotal role of piRNA biogenesis-
associated genes in spermatogenesis, mutations in these genes may lead to male infertility
[78]. Furthermore, piRNAs have demonstrated regulatory effects on Th2 cell
development by suppressing IL-4, thereby inhibiting allergic inflammation and asthma
[79]. Additionally, they exhibit specific binding partners in synovial fibroblasts,
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suggesting their involvement in inflammatory processes such as Rheumatoid Arthritis
[80]. In this study, we conducted an analysis involving 211 samples representing 21
disease types, including 16 types of cancer. The distribution of piRNAs [Figure 10A]
across various cancers highlights a heightened contribution of piRNAs in germ cell
cancers such as ovarian and testicular cancer. This observation aligns with the established
role of piRNAs in maintaining germ cells [81].
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Figure 10 : piRNA expression profile in (A) different cancer systems and (B) other
diseases

Among various medical conditions [Figure 10B], we identified 1274 piRNAs, with
hsa_ piRNA 425 exhibiting high abundance and hsa piRNA 28207 showing
comparatively low abundance in Alzheimer’s disease, consistent with previous reports
[34]. The expression levels of piRNAs in asthma and rheumatoid arthritis were found to
be 278 and 910, respectively. Notably, our analysis revealed a distinctive observation
concerning the length of piRNAs. In our investigation, we observed longer piRNAS in
sperm samples, with a maximum length of 32 nucleotides in infertile samples,
underscoring the relevance of piRNA length in spermatogenesis [76].

In addition to characterizing the overall expression patterns of piRNAs across diverse
diseases, we conducted a differential expression analysis using DESeq [82] to investigate
the distinct regulatory mechanisms of piRNAs in seven cancer types and
asthenozoospermia, where both test and control datasets were available. Table 3 presents
the count of differentially expressed piRNAs, and certain piRNAs exhibited expression
patterns consistent with findings in the existing literature. For instance, hsa_piRNA_9871
and hsa_piRNA 27200 were found to be highly expressed in breast and lung cancer,
respectively [83], aligning with previous reports and our study. Furthermore, the
upregulated piRNAs, such as hsa piRNA 7806 and hsa piRNA 31147, known to
promote proliferation and invasiveness in colon [84] and renal cancer [85], were also
observed to be upregulated in our analysis. This convergence reinforces the reliability of
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our differential expression analysis and underscores the potential roles of these piRNAs
in the progression of specific cancers.

Differentially Differentially Differentially
expressed piRNASs expressed Genes expressed INCRNAs
Up Down Up Down Up Down
Different Cancer systems
Breast cancer 258 133 955 1165 1087 615
Lung cancer 269 349 517 513 53 82
Ovarian cancer 208 376 3300 2376 335 1441
Renal cancer 177 724 197 162 85 40
Hepatocellular 352 155 116 125 169 171
carcinoma
Colon cancer 366 475 344 361 79 119
Prostate cancer 413 328 2135 2368 504 179
Other disease
Asthenozoospermia 1622 2170 318 133 2957 1062
Different developmental stages of mouse testis
10 dpp 923 439 2173 2429 1445 1442
16.5 dpc 260 143 7281 6498 3209 2430

Table 3: Differentially expressed piRNAs, genes and IncRNAs in different cancer systems,
Asthenozoospermia and in different developmental stages of Mouse Testis

5.4.6. piRNA and mRNA/INncRNA target interaction:

In addition to their well-documented role in mediating the cleavage of transposable
elements, piRNAs have been recognized for their ability to target mMRNAs and IncRNAs,
thereby influencing the regulation of gene expression. The regulatory impact of piRNAs
on mRNAs has been the subject of thorough investigation in scientific research
[34,86,87]. Analogous to the cleavage mechanism observed in mMRNAS, the PIWI-piRNA
complex exhibits the capability to target IncRNAs, a phenomenon observed across
various organisms [88]. Studies have reported a reciprocal relationship between the
expression levels of the target and the corresponding targeting piRNA - a decrease in the
expression of the target corresponds to an increase in the expression of the targeting
piRNA, and vice versa [89]. This reciprocal regulation adds another layer to the intricate
and multifaceted regulatory functions of the PIWI-piRNA complex in cellular processes.
Consequently, to enhance the precision of target prediction, we systematically screened
piRNAs and mRNAs, as well as piRNAs and IncRNAs, focusing on those pairs with a
negative correlation in expression. This stringent criterion led us to narrow our analysis
to cancer datasets where both long and small RNA sequencing datasets were available.
As a result, we successfully predicted piRNA-mRNA and piRNA-IncRNA interactions
for seven cancer systems, namely lung, breast, renal, hepatocellular, ovarian, prostate,
and colorectal. The differential analysis was executed using the 'New Tuxedo' protocol

90



CHAPTER 5

[90]. Sequence-based target prediction was conducted using miRanda, with separate
analyses performed on tissue and cell line data. To elucidate the role of piRNAs in distinct
developmental stages, small RNA data from various developmental stages of mouse
testis, specifically 10 days post-partum (dpp) and 16.5 days postcoitum (dpc), were
compared to those from six months old adult mouse testis. Additionally, piRNAs were
analyzed in the context of asthenozoospermia, a condition characterized by reduced
sperm motility in semen samples. Table 3 provides a comprehensive list of differentially
expressed mMRNAs, IncRNAs, and piRNAs associated with these analyses. The
conclusive set of piIRNA-mRNA and piRNA-IncCRNA target pairs for the seven cancer
types is illustrated in Figure 11(a,b), respectively. Figure 11(c,d) provides an overview
of the count of piRNA targets within mRNAs and IncRNAs, respectively, across two
developmental stages of mouse testis. Additionally, we have curated experimentally
validated piRNA-mRNA target pairs for human, mouse, and C. elegans, contributing
valuable insights into the conserved regulatory interactions across species. This
comprehensive presentation enhances our understanding of the regulatory landscape
orchestrated by piRNAs in diverse biological contexts and provides a foundation for
further exploration of their functional implications.

o 500 z 3500
= 000 q 000
2 2500 g 20
% 2000 g& 2000
2200 H]
£ 500 S 500
< z N
Z o z 100
% 500 I ' & 300 u
N =
< 0 ' | i ] s | ] — [ -]
7 3 < & & & L L &>
& ¢ & & & & S&S z ¢F F FHPFE &S
= & & M F ¥ F a <& i < B A Cd & &
- & & & & & & & - > B & RS & & &
& O P B SF (,°° & o‘°° : Q&‘Q N % S LY S & &
s 9 & &> & <& & S & & Ny < &
z o & @ LR z O QF T &
Cd 4 Iy v
& &
\\8 Q&
7000
2 6000
2 6000 g
Ti‘ = 5000
S000 )
3 &
= & ac00
7 4000 <
= z
-1 @ Up regulated =
£ A
T 3000 o 3000 o Up regulated
- @ Downregulated = e o
7z 2 # Downregulate
%ZIHXI Z 2000
s i
L 1000 -
s 1000
z z
0 - z
0
10 dpp 16.5 dpc 10 dpp 16.5 dpe

Figure 11: The predicted piRNA targets in (A) protein coding genes and (B) LncRNA:
Within disease systems; (C) protein coding genes and (D) LncRNAs across different
developmental stages of mouse testis

5.5. Database execution

In piRNAQuest V.2, a user's query is processed through simple searching options based
on their desired selection criteria. The retrieved information is then presented on the web
interface, allowing users to explore additional details. The general information page
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displays basic details related to the queried piRNAs, and users have the option to delve
into further genomic details, as illustrated in Figure 12.

A
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Bose Institute
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down menu Enter query
* piRNA ID
General Information
Organism Homo sapiens
. Length 27
Details — " w—
Sequence TGCCTATGTGGTGTTTGGCAAAACATG -
for hrl9 : 40016845 - 40016872 (+) Click on
. PiRNA loci chrl9: 45 - 72 (+ inks
queried — the l_mkb
. Genome Assembly GRCh38/hg38 to view
piRNA ;
D %GC content 4444 genomlc
Nucleotide Bias 1T 10G e
of the
Alias ID 2i|108075589. DQ58492 1.1, piR-52033 piRNA
Click on the links below to view Genomic Localization of hsa_piRNA_10038 J
Genomic Location Gene Intron Intergenic SUTR cDs 3UTR Repeat
Hits Found 2 0 ) 1] 0 2 1
Search Overlapping piRNAs
Organism  (Pig v) Chromosome [chri v | [ submit |

sse_piRNA_10107 TCCTIGGCCAATTTGTGCCCGTTGGGACTCT ss5_RIRNA_25176 TGGCCAAGGAACACATCCAGGCAATGCCTGTC

| ssc_piRNA_10609 ‘ TCTGAGCTCAGATGATCCTGACCATAGGTCC [ PIRNA_1200] ‘ TGAGCTCAGATGATCCTGACCATAGGTCCTC

By clicking on the view option, user will be
able to visualize the overlapping pattern

PIRNAID : ssc_piRNA 10107

Ping-Pong Partner ID : ssc_piRNA_25176

5' TCCTTGGCCAATTTGTGCCCGTTGGGACTCT  3°

[FEEEEEEE

3" CTGTCCGTAACGGACCTACACAAGGAACCGGT 5°

Figure 12: Web interfaces for access of piRNAQuest V.2 : (A) search options through a
piRNA ID and the corresponding result page; (B) search options for pingpong piRNAs
and visualizing its pattern
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5.5.1. Search and output options:
(a) The following options are under the "Search piRNAs” menu

1. Search by Species Name: Users can search piRNAs by selecting a particular species
name with the help of previous or next buttons

2. Search by piRNA Accession ID/Chromosomal Co-ordinates: Users can browse by
piIRNA accession ID for detailed information (piRNA sequence, its length, its NCBI ID
(if any), %GC content, piRNA position corresponding to the genome build along with its
genomic localization within genes, introns, CDS, 3' UTR, 5' UTR, intergenic regions, and
repetitive elements) of selected species. Using desired chromosomal co-ordinates, users
can also get above mentioned information about piRNAs.

3. Search piRNAs by Sequence: Users can obtain piRNA information by providing
piIRNA sequences. The sequence length should be greater than at least 20 nucleotides.

4. Search piRNA within Genes: User can browse piRNAs present within Genes by
providing a Gene Name corresponding to the selected species. The result page will show
the piRNAs whose loci overlap with this particular gene. User can also search for piRNAs
within Genes of a particular species by providing chromosomal coordinates
corresponding to that species.

To find piRNAs in pseudogene, user need to provide their desired chromosomal location
only, corresponding to selected species.

5. Search piRNA within repeat regions: Users can search for piRNAs whose loci get
mapped within repeats corresponding to genomic locations (viz. 3' UTR, 5' UTR, introns,
CDS, intergenic regions) for a particular Repeat Family. Users can also search for repeat-
associated piRNAs selecting their desired chromosomal location.

6. Search piRNAs with Ping-Pong features: User can search for overlapping piRNAs of
10nt within a particular chromosome of a particular species by selecting chromosome
number corresponding to that species [Figure 12B].

(b) Search “piRNA clusters”

1. Search clusters by chromosomal co-ordinates: Users can obtain piRNA clusters by
submitting a particular chromosomal location. This will fetch cluster loci, total number
of piRNAs within the cluster, cluster score, cluster strandedness, prevalence of these
piRNAs in minus/plus strand, and the corresponding characteristic motif of the cluster in
that location. The link on the motif navigates to the website (https://meme-
suite.org/meme/) where one can perform further study on the motif.

2. Search mRNAs/IncRNAs/Repeats within piRNA Clusters: Users can check piRNA
clusters are overlapped with mRNA/IncRNA loci or with the repeat elements.

3. Search piRNA Clusters in Syntenic Regions: Users can search for piRNA clusters
overlapping with syntenic regions by choosing a particular chromosomes of target and
query organisms.
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(c) Browse “piRNA Expression”

1. Search Tissue specific expression: User can browse different dataset for piRNA
expression pattern by selecting tissue type and will be able to see the top 200 most
abundantly expressed piRNAs corresponding to the dataset by submitting the view
option.

2. Search Disease specific expression: User can also retrieve same information as above
for different disease systems.

There is another search option where under user can check the expression level of a
particular piRNA in normal tissues of selected species or that in human disease systems
[Figure 13A].

(d) Search “piRNA Targets”

1. Search Predicted Targets: Users can search piRNA targets in negatively correlated
MRNA/IncRNA dataset by selecting the disease type and the mode of regulation of the
piIRNA. After clicking the details button, user will be able to get the detailed prediction
result and visualize the piRNA-target duplex structure [Figure 13B].

2. Search Curated Targets: In this part, users can find piRNA-gene target pairs which are
obtained from literature.
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Figure 13: Web interfaces for access of piRNAQuest V.2 : (A) tissue wise expression
values of individual piRNAQuest I1Ds with the corresponding output and (B) search
options with detailed output for piRNA target prediction.
5.5.2. Tools:

1. Dynamic piRNA cluster detection: This tool can detect piRNA clusters where user can
set parameters of their own, like the Eps distance, chromosomal coordinate, and
MinReads.
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2. pIRNA Target prediction: Users can provide the piRNA and target sequences
according to their data along with their desired energy parameters and threshold target
score to predict piRNA targets.

3. Ping-pong signature detection: Users can visualize ping-pong signature pattern by
providing piRNA sequences in .fasta format.

5.5.3. Availability:

piRNAQuest V.2 is available at http://dibresources.jcbose.ac.in/zhumur/pirnaquest2/.
Files can be freely accessed and downloaded.

5.6. Discussion

The number of identified piRNAs has significantly increased across different species and
cell types since the initial release of piRNAQuest in 2014. The primary objective behind
developing piRNAQuest was to create a non-redundant and comprehensive catalog of
piRNAs in humans, mice, and rats to enhance our understanding of piRNA genomic
localization, their overlaps with genomic elements, and their associations with other
IncRNAs. While initial reports primarily emphasized the main functions of piRNAs in
transposon silencing [62] and maintaining gene integrity, particularly in germline cells
[17], subsequent research has identified their presence and functions in somatic cells
across various species [5,6]. In light of the increasing significance of the diverse functions
of piRNAs, extending beyond transposon silencing to include gene expression regulation,
we have introduced the new version of it as piRNAQuest V.2. This updated version
expands our study to encompass 25 new species, covering different phyla or classes in
addition to those included in the previous version. In piRNAQuest V.2, we have retained
the features from the earlier version and introduced several new aspects. Notably, we
delve into the directionality of piRNA clusters, explore piRNA expression patterns in
normal tissues and disease systems, and investigate their targets among both protein-
coding genes and IncRNAs. These new dimensions aim to open up novel avenues for
piRNA research, providing a more comprehensive understanding of their roles and
regulatory networks across diverse biological contexts.

Over time, numerous studies have elucidated the primary biogenesis mechanism of
piRNAs from piRNA clusters, with several protocols developed for their identification.
However, the non-uniform distribution of piRNAs across chromosomes prompted the
adoption of a density-based clustering approach to identify piRNA clusters. This
approach enhances our understanding of piRNA distribution throughout the genome and
the formation of clusters, which serve as 'hotspots' for primary biogenesis. Additionally,
secondary biogenesis through ping-pong amplification is a crucial mechanism for piRNA
generation and plays a significant role in the silencing of their targets. To emphasize this
aspect, we conducted an analysis of ping-pong overlap among piRNAs and have provided
options for visualizing the ping-pong signature within the piRNAs. In the human genome,
we observed the highest abundance of piRNAs on chromosome 15, coinciding with the
presence of the maximum number of piRNA clusters and ping-pong piRNAs.
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Furthermore, the analysis of piRNA expression profiles in various normal and disease
systems is crucial for understanding piRNA-mediated gene regulation in those contexts.
In this version, we have integrated the piRNA expression profiles of 21 disease systems
alongside data from several normal tissues corresponding to different species. Given the
differential regulation of piRNAs between disease and normal conditions, a decrease in
the expression levels of the target should correspond to an increase in the expression
levels of the targeting piRNA, and vice versa. Capitalizing on this opportunity to unveil
the connection between piRNA expression and disease occurrence, we have predicted
potential piRNA targets that may serve as promising biomarkers for early diagnosis and
act as therapeutic targets, particularly in diseases like cancer. Additionally, to illustrate
the involvement of piRNAs in different developmental stages, we have predicted piRNA
targets within mRNAs and IncRNAs in various developmental stages of mouse testis.

In summary, the newly incorporated features, combined with the existing ones, make
piRNAQuest V.2 a user-friendly and comprehensive database for piRNAs. Our future
goal is to regularly update the database with newly annotated piRNAs, along with
introducing novel features, to consistently contribute to the expanding knowledge base
on piRNAs.

References:

1. Kaikkonen MU, Lam MT, Glass CK. Non-coding RNAs as regulators of gene expression
and epigenetics. Cardiovascular research. 2011 Jun 1;90(3):430-40.

2. Toth KF, Pezic D, Stuwe E, et al. The piRNA Pathway Guards the Germline Genome

Against Transposable Elements. Advances in experimental medicine and biology.
2016;886:51-77.

3. Zhang Q, Zhu Y, Cao X, et al. The epigenetic regulatory mechanism of PIWI/piRNAs in
human cancers. Molecular cancer. 2023 Mar 7;22(1):45.

4. Han Li C, Chen Y. Small and Long Non-Coding RNAs: Novel Targets in Perspective
Cancer Therapy. Current genomics. 2015 Oct;16(5):319-26.

5. Brennecke J, Aravin AA, Stark A, et al. Discrete small RNA-generating loci as master
regulators of transposon activity in Drosophila. Cell. 2007 Mar 23;128(6):1089-103.

6. Siomi MC, Sato K, Pezic D, et al. PIWI-interacting small RNAs: the vanguard of genome
defence. Nature reviews Molecular cell biology. 2011 Apr;12(4):246-58.

7. Czech B, Hannon GJ. One Loop to Rule Them All: The Ping-Pong Cycle and piRNA-
Guided Silencing. Trends in biochemical sciences. 2016 Apr;41(4):324-337.

8. Gunawardane LS, Saito K, Nishida KM, et al. A slicer-mediated mechanism for repeat-

associated SiIRNA 5 end formation in Drosophila. Science. 2007 Mar
16;315(5818):1587-90.

9. Aravin A, Gaidatzis D, Pfeffer S, et al. A novel class of small RNAs bind to MILI protein
in mouse testes. Nature. 2006 Jul 13;442(7099):203-7.

10. Houwing S, Kamminga LM, Berezikov E, et al. A role for Piwi and piRNAs in germ cell
maintenance and transposon silencing in Zebrafish. Cell. 2007 Apr 6;129(1):69-82.

11. Aravin AA, Hannon GJ, Brennecke J. The Piwi-piRNA pathway provides an adaptive
defense in the transposon arms race. Science. 2007 Nov 2;318(5851):761-4.

96



13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

CHAPTER 5

Fu A, Jacobs DI, Hoffman AE, et al. PIWI-interacting RNA 021285 is involved in breast
tumorigenesis possibly by remodeling the cancer epigenome. Carcinogenesis. 2015
Oct;36(10):1094-102.

Ortogero N, Schuster AS, Oliver DK, et al. A novel class of somatic small RNAs similar
to germ cell pachytene PIWI-interacting small RNAs. The Journal of biological
chemistry. 2014 Nov 21;289(47):32824-34.

Williams Z, Morozov P, Mihailovic A, et al. Discovery and Characterization of piRNAs
in the Human Fetal Ovary. Cell reports. 2015 Oct 27;13(4):854-863.

Huang X, Yuan T, Tschannen M, et al. Characterization of human plasma-derived
exosomal RNAs by deep sequencing. BMC genomics. 2013 May 10;14:319.

Liu Y, Dou M, Song X, et al. The emerging role of the piRNA/piwi complex in cancer.
Molecular cancer. 2019 Aug 9;18(1):123.

Thomson T, Lin H. The biogenesis and function of PIWI proteins and piRNAs: progress
and prospect. Annual review of cell and developmental biology. 2009;25:355-76.
Kalmykova Al, Klenov MS, Gvozdev VA. Argonaute protein PIWI controls
mobilization of retrotransposons in the Drosophila male germline. Nucleic acids
research. 2005;33(6):2052-9.

Reuter M, Berninger P, Chuma S, et al. Miwi catalysis is required for piRNA
amplification-independent LINE1 transposon silencing. Nature. 2011 Nov
27;480(7376):264-7.

Ishizu H, Siomi H, Siomi MC. Biology of PIWI-interacting RNAs: new insights into
biogenesis and function inside and outside of germlines. Genes & development. 2012
Nov 1;26(21):2361-73.

Weick EM, Miska EA. piRNAs: from biogenesis to function. Development. 2014
Sep;141(18):3458-71.

Sai Lakshmi S, Agrawal S. piRNABank: a web resource on classified and clustered Piwi-
interacting RNAs. Nucleic acids research. 2008 Jan;36(Database issue):D173-7.

Wang J, Zhang P, Lu Y, et al. piRBase: a comprehensive database of piRNA sequences.
Nucleic acids research. 2019 Jan 8;47(D1):D175-D180.

Wu WS, Brown JS, Chen TT, et al. piRTarBase: a database of piRNA targeting sites and
their roles in gene regulation. Nucleic acids research. 2019 Jan 8;47(D1):D181-D187.
Rosenkranz D. piRNA cluster database: a web resource for piRNA producing loci.
Nucleic acids research. 2016 Jan 4;44(D1):D223-30.

Rosenkranz D, Zischler H. proTRAC--a software for probabilistic piRNA cluster
detection, visualization and analysis. BMC bioinformatics. 2012 Jan 10;13:5.
Muhammad A, Waheed R, Khan NA, et al. piRDisease v1.0: a manually curated database
for piRNA associated diseases. Database : the journal of biological databases and
curation. 2019 Jan 1;2019.

Sarkar A, Maji RK, Saha S, et al. piRNAQuest: searching the piRNAome for silencers.
BMC genomics. 2014 Jul 4;15:555.

Monga I, Banerjee I. Computational Identification of piRNAs Using Features Based on
RNA Sequence, Structure, Thermodynamic and Physicochemical Properties. Current
genomics. 2019 Nov;20(7):508-518.

Wang K, Hoeksema J, Liang C. piRNN: deep learning algorithm for piRNA prediction.
Peerl]. 2018;6:e5429.

M. Ester HPK, J. Sander, X. Xu. A density-based algorithm for discovering clusters in
large spatial databases with noise. KDD. 1996;96:226-231.

Quek C, Bellingham SA, Jung CH, et al. Defining the purity of exosomes required for
diagnostic profiling of small RNA suitable for biomarker discovery. RNA biology. 2017
Feb;14(2):245-258.

97



34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

CHAPTER 5

Bachmayr-Heyda A, Auer K, Sukhbaatar N, et al. Small RNAs and the competing
endogenous RNA network in high grade serous ovarian cancer tumor spread. Oncotarget.
2016 Jun 28;7(26):39640-39653.

Roy J, Sarkar A, Parida S, et al. Small RNA sequencing revealed dysregulated piRNAs
in Alzheimer's disease and their probable role in pathogenesis. Molecular bioSystems.
2017 Feb 28;13(3):565-576.

Li Y, Wu X, Gao H, et al. Piwi-Interacting RNAs (piRNAs) Are Dysregulated in Renal
Cell Carcinoma and Associated with Tumor Metastasis and Cancer-Specific Survival.
Molecular medicine. 2015 May 13;21(1):381-8.

Zhang W, Yao G, Wang J, et al. ncRPheno: a comprehensive database platform for
identification and validation of disease related noncoding RNAs. RNA biology. 2020
Jul;17(7):943-955.

Zhang W, Zeng B, Yang M, et al. ncRNAVar: A Manually Curated Database for
Identification of Noncoding RNA Variants Associated with Human Diseases. Journal of
molecular biology. 2021 May 28;433(11):166727.

John B, Enright AJ, Aravin A, et al. Human MicroRNA targets. PLoS biology. 2004
Nov;2(11):e363.

Barrett T, Edgar R. Gene expression omnibus: microarray data storage, submission,
retrieval, and analysis. Methods in enzymology. 2006;411:352-69.

Karolchik D, Hinrichs AS, Furey TS, et al. The UCSC Table Browser data retrieval tool.
Nucleic acids research. 2004 Jan 1;32(Database issue):D493-6.

Geer LY, Marchler-Bauer A, Geer RC, et al. The NCBI BioSystems database. Nucleic
acids research. 2010 Jan;38(Database issue):D492-6.

Das T, Deb A, Parida S, et al. LncRBase V.2: an updated resource for multispecies
IncRNAs and ClinicLSNP hosting genetic variants in InNCRNAs for cancer patients. RNA
biology. 2021 Aug;18(8):1136-1151.

Lau NC, Seto AG, Kim J, et al. Characterization of the piRNA complex from rat testes.
Science. 2006 Jul 21;313(5785):363-7.

Girard A, Sachidanandam R, Hannon GJ, et al. A germline-specific class of small RNAs
binds mammalian Piwi proteins. Nature. 2006 Jul 13;442(7099):199-202.

Bailey TL, Boden M, Buske FA, et al. MEME SUITE: tools for motif discovery and
searching. Nucleic acids research. 2009 Jul;37(Web Server issue):W202-8.

Altschul SF, Gish W, Miller W, et al. Basic local alignment search tool. Journal of
molecular biology. 1990 Oct 5;215(3):403-10.

Hazra A, Gogtay N. Biostatistics Series Module 1: Basics of Biostatistics. Indian journal
of dermatology. 2016 Jan-Feb;61(1):10-20.

Das T, Deb A, Parida S, et al. LncRBase V.2: an updated resource for multispecies
IncRNAs and ClinicLSNP hosting genetic variants in InNcRNAs for cancer patients. RNA
biology. 2020 Oct 28:1-16.

Hashim A, Rizzo F, Marchese G, et al. RNA sequencing identifies specific PIWI-
interacting small non-coding RNA expression patterns in breast cancer. Oncotarget. 2014
Oct 30;5(20):9901-10.

Ponten F, Jirstrom K, Uhlen M. The Human Protein Atlas--a tool for pathology. The
Journal of pathology. 2008 Dec;216(4):387-93.

Cerami EG, Gross BE, Demir E, et al. Pathway Commons, a web resource for biological
pathway data. Nucleic acids research. 2011 Jan;39(Database issue):D685-90.

Pujana MA, Nadal M, Gratacos M, et al. Additional complexity on human chromosome
15q: identification of a set of newly recognized duplicons (LCR15) on 15911-g13, 1524,
and 15g26. Genome research. 2001 Jan;11(1):98-111.

Slotkin RK, Martienssen R. Transposable elements and the epigenetic regulation of the
genome. Nature reviews Genetics. 2007 Apr;8(4):272-85.

98



55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

CHAPTER 5

Ruby JG, Jan C, Player C, et al. Large-scale sequencing reveals 21U-RNAs and
additional microRNAs and endogenous siRNAs in C. elegans. Cell. 2006 Dec
15;127(6):1193-207.

Lee EJ, Banerjee S, Zhou H, et al. Identification of piRNAs in the central nervous system.
Rna. 2011 Jun;17(6):1090-9.

Nelson CE, Hersh BM, Carroll SB. The regulatory content of intergenic DNA shapes
genome architecture. Genome biology. 2004;5(4):R25.

Pink RC, Wicks K, Caley DP, et al. Pseudogenes: pseudo-functional or key regulators in
health and disease? Rna. 2011 May;17(5):792-8.

Hirano T, lwasaki YW, Lin ZY, et al. Small RNA profiling and characterization of
piRNA clusters in the adult testes of the common marmoset, a model primate. Rna. 2014
Aug;20(8):1223-37.

Flicek P, Amode MR, Barrell D, et al. Ensembl 2012. Nucleic acids research. 2012
Jan;40(Database issue):D84-90.

Pantano L, Jodar M, Bak M, et al. The small RNA content of human sperm reveals
pseudogene-derived piRNAs complementary to protein-coding genes. Rna. 2015
Jun;21(6):1085-95.

Halbach R, Miesen P, Joosten J, et al. A satellite repeat-derived piRNA controls
embryonic development of Aedes. Nature. 2020 Apr;580(7802):274-277.

Vagin VV, Sigova A, Li C, et al. A distinct small RNA pathway silences selfish genetic
elements in the germline. Science. 2006 Jul 21;313(5785):320-4.

Vandewege MW, Platt RN, 2nd, Ray DA, et al. Transposable Element Targeting by
piRNAs in Laurasiatherians with Distinct Transposable Element Histories. Genome
biology and evolution. 2016 May 9;8(5):1327-37.

Petersen M, Armisen D, Gibbs RA, et al. Diversity and evolution of the transposable
element repertoire in arthropods with particular reference to insects. BMC evolutionary
biology. 2019 Jan 9;19(1):11.

Jung I, Park JC, Kim S. piClust: a density based piRNA clustering algorithm.
Computational biology and chemistry. 2014 Jun;50:60-7.

Han BW, Zamore PD. piRNAs. Current biology : CB. 2014 Aug 18;24(16):R730-3.
Barberan-Soler S, Fontrodona L, Ribo A, et al. Co-option of the piRNA pathway for
germline-specific alternative splicing of C. elegans TOR. Cell reports. 2014 Sep
25;8(6):1609-1616.

Saito K, Ishizu H, Komai M, et al. Roles for the Yb body components Armitage and Yb
in primary piRNA biogenesis in Drosophila. Genes & development. 2010 Nov
15;24(22):2493-8.

Lau NC, Robine N, Martin R, et al. Abundant primary piRNAs, endo-siRNAs, and
microRNAs in a Drosophila ovary cell line. Genome research. 2009 Oct;19(10):1776-85.
Ray R, Pandey P. piRNA analysis framework from small RNA-Seq data by a novel
cluster prediction tool - PILFER. Genomics. 2018 Nov;110(6):355-365.

Jehn J, Gebert D, Pipilescu F, et al. PIWI genes and piRNAs are ubiquitously expressed
in mollusks and show patterns of lineage-specific adaptation. Communications biology.
2018;1:137.

Das PP, Bagijn MP, Goldstein LD, et al. Piwi and piRNAs act upstream of an endogenous
SiRNA pathway to suppress Tc3 transposon mobility in the Caenorhabditis elegans
germline. Molecular cell. 2008 Jul 11;31(1):79-90.

Barckmann B, El-Barouk M, Pelisson A, et al. The somatic piRNA pathway controls
germline transposition over generations. Nucleic acids research. 2018 Oct
12;46(18):9524-9536.

Nandi S, Chandramohan D, Fioriti L, et al. Roles for small noncoding RNAs in silencing
of retrotransposons in the mammalian brain. Proceedings of the National Academy of
Sciences of the United States of America. 2016 Nov 8;113(45):12697-12702.

99



75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

CHAPTER 5

Wang H, Ma Z, Niu K, et al. Antagonistic roles of Nibbler and Henl in modulating
piRNA 3'ends in Drosophila. Development. 2016 Feb 1;143(3):530-9.

Lim SL, Qu ZP, Kortschak RD, et al. Correction: HENMT1 and piRNA Stability Are
Required for Adult Male Germ Cell Transposon Repression and to Define the
Spermatogenic Program in the Mouse. PLoS genetics. 2015 Dec;11(12):e1005782.

Kim KW. PIWI Proteins and piRNAs in the Nervous System. Molecules and cells. 2019
Dec 31;42(12):828-835.

Kamaliyan Z, Pouriamanesh S, Soosanabadi M, et al. Investigation of piwi-interacting
RNA pathway genes role in idiopathic non-obstructive azoospermia. Scientific reports.
2018 Jan 9;8(1):142.

Zhong F, Zhou N, Wu K, et al. A SnoRNA-derived piRNA interacts with human
interleukin-4 pre-mRNA and induces its decay in nuclear exosomes. Nucleic acids
research. 2015 Dec 2;43(21):10474-91.

Plestilova L, Neidhart M, Russo G, et al. Expression and Regulation of PIWIL-Proteins
and PIWI-Interacting RNAs in Rheumatoid Arthritis. PloS one. 2016;11(11):e0166920.
Juliano C, Wang J, Lin H. Uniting germline and stem cells: the function of Piwi proteins
and the piRNA pathway in diverse organisms. Annual review of genetics. 2011;45:447-
69.

Anders S, Huber W. Differential expression analysis for sequence count data. Genome
biology. 2010;11(10):R106.

Reeves ME, Firek M, Jliedi A, et al. Identification and characterization of RASSF1C
piRNA target genes in lung cancer cells. Oncotarget. 2017 May 23;8(21):34268-34282.
Mai D, Ding P, Tan L, et al. PIWI-interacting RNA-54265 is oncogenic and a potential
therapeutic target in colorectal adenocarcinoma. Theranostics. 2018;8(19):5213-5230.
Busch J, Ralla B, Jung M, et al. Piwi-interacting RNAs as novel prognostic markers in
clear cell renal cell carcinomas. Journal of experimental & clinical cancer research : CR.
2015 Jun 14;34(1):61.

Zuo Y, Liang Y, Zhang J, et al. Transcriptome Analysis Identifies Piwi-Interacting RNAs
as Prognostic Markers for Recurrence of Prostate Cancer. Frontiers in genetics.
2019;10:1018.

Weng W, Liu N, Toiyama Y, et al. Novel evidence for a PIWI-interacting RNA (piRNA)
as an oncogenic mediator of disease progression, and a potential prognostic biomarker in
colorectal cancer. Molecular cancer. 2018 Jan 30;17(1):16.

Wang C, Lin H. Roles of piRNAs in transposon and pseudogene regulation of germline
MRNAs and IncRNAs. Genome biology. 2021 Jan 8;22(1):27.

Krishnan P, Ghosh S, Wang B, et al. Profiling of Small Nucleolar RNAs by Next
Generation Sequencing: Potential New Players for Breast Cancer Prognosis. PloS one.
2016;11(9):e0162622.

Pertea M, Kim D, Pertea GM, et al. Transcript-level expression analysis of RNA-seq
experiments with HISAT, StringTie and Ballgown. Nature protocols. 2016
Sep;11(9):1650-67.

100



CHAPTER 6

CHAPTER 6| Investigating the role of piRNAs in stem
cell derivatives

Abstract:

Exploring the role of PIWI-interacting RNAs in stem cell derivatives has become a
focal point in current studies, shedding light on the intricate mechanisms that underlie
cellular differentiation and tissue development. Recent investigations have uncovered
a compelling association between piRNAs and the regulation of gene expression
patterns during the differentiation process. In this study, we investigated the gene
regulatory networks underlying the differentiation of iPSCs into endothelial cells,
focusing on the dynamic interplay between key regulatory genes and piRNAs. Our
findings reveal a fine tuned piRNA expression dynamics that modulates stemness
associated genes facilitating the transition of the iPSCs to its differentiated state
corresponding to endothelial lineage. Interestingly, we observed a set of tumor
suppressor genes to be key piRNA targets which aid in such differentiation to the
endothelial cell state. These insights shed light on the piRNA regulated intricate
regulatory mechanisms orchestrating the differentiation process and highlight the
critical role of piRNAs in maintaining cellular homeostasis during iPSC
differentiation.

6.1. Introduction

PIWI-interacting RNAs (piRNAS) are a class of small non-coding RNAs that are known
to play a crucial role in maintaining the stemness of cells, particularly in the context of
stem cell biology. Stemness refers to the unique ability of stem cells to self-renew and
differentiate into various cell types, making them essential for tissue homeostasis and
regeneration. PIWI proteins were initially identified as key components in the self-
renewal of stem cells within the Drosophila ovaries [1] and have since been observed
across various animal germlines. Their presence extends to diverse potent stem cell types,
encompassing hematopoietic and embryonic stem cells [2,3]. Besides, it has been noted
that piRNAs play a crucial role in maintaining the self-renewal property of mammalian
germ stem cells [4]. These observations imply a potentially conserved role for PIWI
proteins likely in association with piRNAs in adult stem cell biology and regeneration.
Despite significant advancements in understanding piRNA biogenesis and their role in
transposon silencing, their specific involvement in the maintenance and differentiation of
stem cells has remained enigmatic.

The intricate network of piRNA-mediated processes serves as a safeguard mechanism,
ensuring the preservation of stemness features and the sustained regenerative potential of
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stem cells. In a recent investigation, PIWI proteins were observed to undergo
upregulation early in the reprogramming process, along with nanos and tdrd?7, in induced
mouse pluripotent stem (iPS) cells [5]. This observation suggests that the increased
expression of piRNA pathway-related genes is not a delayed or indirect consequence of
reprogramming [6]. While these findings imply potential roles for PIWI proteins and
piIRNAs in pluripotent stem cell reprogramming, there is currently no direct evidence
regarding the presence and involvement of piRNAs in the differentiation process of
induced pluripotent stem cells (iPSCs). To address this gap, we conducted an analysis on
both small and long RNA expression data of iPSC and iPSC-derived endothelial cells
(iPSC_EC) to gather knowledge on the transition landscape from iPSC to iPSC_EC. The
reason behind such selection is because endothelial cells (ECs) are one of the major cell
types derived from iPSCs and have broad relevance in both basic research and clinical
applications. Further, ECs play a crucial role in vascular biology and are involved in
processes such as angiogenesis, vasculogenesis, and vascular homeostasis. Overall, the
selection of ECs as the focus of this study provides a platform to investigate fundamental
aspects of vascular biology, disease mechanisms, and regenerative medicine using iPSC
technology. Our investigation revealed the presence differential piRNA signatures
between iPSC and iPSC_EC, suggesting a potential involvement of specific piRNAs in
initiating and maintaining the differentiated state of endothelial lineage. Understanding
the precise molecular mechanisms through which piRNAs orchestrate these processes
holds significant promise for advancing our knowledge of stem cell biology and may
have implications for therapeutic strategies in regenerative medicine.

6.2. Methods
6.2.1. Transcriptomic and small RNA data analysis:

The sequencing dataset utilized in this study was obtained from the Gene Expression
Omnibus repository (www.ncbi.nlm.nih.gov/geo) (Table 1). It is important to note that
reprogramming method used to generate iPSCs often have a long drawn effect not only
on the iPSC transcriptome but also on the transcriptome of its differentiated counterpart.
Hence in order to avoid such disparities we have selected both the iPSC and the iPSC_EC
datasets where the iPSCs have been generated via sendai virus-mediated reprogramming
method. The experimental grouping is also provided in Table 1.

Trancriptomic Sequencing Data Small RNA Sequencing Data
Accession sample IDs Accession 1D Sample IDs and #of
ID samples
S GaM2862263 GSM4909394
GSE107181 GSE161530 GSM4909395
(Control) GSM2862284 GSMA4909396
GSM2862285
. GSM5840533
'P(STiggc GSE195559 |  GSMS5840534 Gerlure]rgfelijS?jata 2
GSM5840535

Table 1: Input dataset

102



CHAPTER 6

The quality assessment of the raw reads for long RNAseq data analysis was conducted
using FastQC [7]. Reads were initially aligned to the reference genome using Hisat2 [8].
Samtools [9] was employed to assemble the necessary files for differential gene
expression analysis, which was executed using Cuffdiff [10]. Differentially regulated
genes were determined using p-value <0.05 and fold-change cut-off >2.0.

For the small RNAseq data, after initial quality assessment, adapters were eliminated
from the raw sequencing reads using Cutadapt, retaining reads with lengths ranging from
18 to 40 nucleotides after removal. BLAST [11] was used to align the reads with
annotated piRNAs obtained from piRNAQuest V.2 [12]. Differential analysis was
conducted utilizing DESeq2 [13], followed by identification of differentially regulated
piIRNAs with a fold-change threshold of >2.0.

6.2.2. Genomic localization of the piRNAs:

The coordinate files corresponding to various genomic locations (5' UTR, 3' UTR, CDS,
Intron) and repeats, including information related to different repeat families, were
acquired from the UCSC Table Browser [14]. Subsequently, in-house Perl scripts were
employed to ascertain the overlap between piRNAs and the aforementioned genomic
elements.

6.2.3. Prediction of piRNA Targets:

To predict potential targets of differentially expressed (DE) piRNAs, we employed our
targeting prediction pipelines, focusing on extensive sequence complementarity between
DE-piRNAs and DE-mRNAs. 3°’UTR sequences of the DEGs are obtained from UCSC
table browser. We considered the negatively correalated pairs i.e., upregulated piRNAs
and downregulated mRNAs and vice versa. Utilizing the miRanda algorithm [15] with
alignment score (sc>170) and energy (en< -20.0 KCal/mol) parameters as proposed by
Hashim et al. [16], we identified putative target interactions between piRNAs and
MRNAs.

6.2.4. Functional analysis of predicted targets:

In the functional analysis of predicted targets, we utilized Ingenuity Pathway Analysis
(IPA) software to explore the biological significance and potential pathways associated
with the identified target genes of differentially expressed piRNAs. IPA employs a
comprehensive database of curated biological interactions and functional annotations to
decipher the molecular pathways, biological processes, and cellular functions enriched
within the target gene set.
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6.3. Results and Discussion

6.3.1. Unveiling the piRNAome and its expression dynamics in due course of
differentiation from iPSC to iPSC-EC state:

The differential profile of piRNAs revealed 235 piRNAs that were DE in iPSC_EC
compared to iPSC. Among these, 127 piRNAs were up-regulated and 108 were down-
regulated in iPSC_EC compared to iPSC. Hierarchical clustering [Figure 1] shows clear
separate clustering of iPSC and iPSC_EC samples with respect to the differential piRNA
profile between them.

> EC 1

iPSC_3

iPSC_1

iPSC_2

Figure 1: Hierarchical clustering of DE piRNAs

This motivated us to investigate further into their genomic localization along with their
overlap with different repetitive regions of the genome which might provide us with a
clue regarding their functionalities.

6.3.2. Genomic localization and overlap with repetitive region of the DE piRNAs:
The DE piRNAs were mapped to different genomic regions, including 5' UTR, 3' UTR,
coding sequences (CDS), introns, and intergenic regions [Figure 2].
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Figure 2 : Localization of DE piRNAs for iPSC and iPSC_EC within genome

The observation indicates a non-uniform distribution of piRNAS across various genomic
locations, consistent with findings by Gan et al. [17]. Moreover, a significant portion of
piRNAs overlapped with intronic and intergenic regions of the genome, confirming their
non-coding nature.

piRNAs, primarily originating from repetitive regions of the genome, play a pivotal role
in genome protection by targeting transposable elements rich in repeats [18]. Notably,
our observation reveals a significant proportion of piRNAs overlapping with repeats
derived from tRNAs and rRNAs [Figure 3]. Recent studies have identified RNA
fragments as novel sources of piRNAs in various biological contexts, including mouse
gametes, zygotes [19], and human somatic cells [20]. In a recent study, there is also
reported a significant portion of identified piRNAs are mapped with tRNAs and rRNAs
and might have role in cardiac differentiation from pluripotent stem cells [21]. The
precise functions of piRNAs derived from RNA families remain elusive; however, they
may be involved in epigenetic inheritance, retrotransposon silencing, and other genetic
element regulation, as well as post-transcriptional mRNA regulation.
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Figure 3 : Abundance of piRNAs across different Repeat families

6.3.3. Deciphering Transcriptome Dynamics: Insights into piRNA-Mediated Gene
Regulation contributing to iPSC differentiation towards endothelial lineage

Transcriptomic analysis of iPSCs and iPSC_EC, revealed 6966 differentially expressed
genes (3691 upregulated and 3275 downregulated) in iPSC_EC compared to iPSC. We
conducted target prediction analysis to identify piRNA targets within this gene set.
Specifically, we utilized miRanda to predict target interactions, focusing on negatively
correlated pairs for target prediction. piRNA targeting rules vary subtly among species.
However, proper piRNA targeting rules have not yet been established for most species.
In the absence of proper piRNA specific target tools, miRanda [22], a popular tool for
miRNA target prediction is also widely being used for piRNA target prediction [16,23-
27] considering the similarity in both piRNA and miRNA seed region binding. Table 2
presents the output of the target prediction analysis, showcasing the identified
interactions between piRNAs and their predicted target genes.

piRNA-MRNA Target No. of No. of Targeting No. of Targeting
pairs in iPSC_EC as Target Pairs piRNAs Genes
compared to iPSC
Up piRNAS - Down Genes 1012 107 235
Down piRNAs — Up Genes 861 93 225

Table 2: piRNA —Target genes

Detailed functional analysis of the targeted genes revealed certain important observations
which are as follows:

piRNA modulating differentiation process: A set of the target genes constitutes essential
components of endothelial cell differentiation pathways (Table 3). Activation of these
pathways orchestrates the differentiation of iPSCs into endothelial cells, a process crucial
for vascular development and angiogenesis. The precise regulation of gene expression
within these pathways is essential for driving iPSCs towards the endothelial cell lineage.
By modulating the expression of target genes involved in endothelial differentiation
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pathways, piRNAs seems to be facilitating the transition of iPSCs along the path of
differentiation into functional endothelial cells.

piRNAs Target Gene | Overlappi Target Significance
Genes Status | ng Repeat Gene
in Region regulated
iPSC_ | within the | Pathway
EC Gene
hsa_piRNA_21067 CAV1 Up LINE Vascular VEGEF signaling plays a
hsa_piRNA 35356 Endothelia | central role in endothelial
hsa_piRNA 25087 FLT1 DNA I Growth cell differentiation by
- Factor promoting cell proliferation,
hsa_piRNA_49281 | PIK3CD | Dow SINE (VEGF) migration, and tube
hsa_piRNA_49283 Pathway formation. Activation of

hsa_piRNA_49284
hsa_piRNA_45457
hsa_piRNA_49282

VEGF receptors leads to
downstream signaling events
that induce endothelial cell
specification and angiogenic

sprouting.
hsa_piRNA 45831 SOX6 Up LINE Wnt/pB- Whnt signaling pathways play
catenin diverse roles in vascular
Signaling development, including
Pathway endothelial cell

differentiation, angiogenic
sprouting, and vascular
patterning. Activation of
canonical Wnt/B-catenin
signaling promotes
endothelial cell specification
and angiogenic behavior.

hsa_piRNA 28288 | ADCY5 | Down - Hedgehog Hedgehog signaling
Signaling pathways contribute to
Pathway vascular development and
endothelial cell
differentiation by regulating
endothelial cell fate
determination, proliferation,
and angiogenic behavior.

Table 3: piRNAs targeting genes related to pathways essential for differentiation into endothelial
lineage

Studies have shown that CAV1 is involved in regulating endothelial cell proliferation,
migration, and tube formation, which are essential processes during angiogenesis.
Additionally, CAV1 has been implicated in modulating signaling pathways such as
VEGF and TGF-B, which are key regulators of endothelial cell differentiation and
angiogenesis [28]. FLT1 gene is a receptor for vascular endothelial growth factor (VEGF)
and plays a crucial role in angiogenesis [29]. On the other hand, it has been found that, if
the downregulated gene, PIK3CD associated with VEGF pathway, got dysregulated, it
would be associated with aberrant angiogenesis and vascular dysfunction [30]. SOX6 is
a member of the SOX (SRY-box) family of transcription factors involved in various
developmental processes. While the specific role of SOX6 in endothelial differentiation
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is not well-defined, studies have suggested its potential involvement in angiogenesis and
vascular development. SOX6 has been implicated in regulating the expression of genes
involved in endothelial cell function and vascular morphogenesis, although its direct role
in endothelial differentiation remains to be elucidated. Studies showed that dysregulated
CcAMP signaling mediated by ADCY5 could potentially impact endothelial cell behavior
and angiogenesis negatively.

Another set of piRNA target genes upregulated in iPSC_EC are associated with crucial
signaling pathways (Table 4), notably the Endothelin-1 Signaling pathway and Apelin
Endothelial Signaling Pathway [31,32]. These pathways play a pivotal role in regulating
blood vessel tone, a fundamental aspect of vascular physiology and are involved in a
variety of physiological processes including vasoconstriction and dilation, blood pressure
regulation, cardiac contractility enhancement, angiogenesis, and energy metabolism
modulation. These pathways are essential for proper functioning of the endothelial cells
in maintaining vascular homeostasis.

Overlapping
Repeat Target Gene
PiRNA Target .Ge.ne Status Region with regulated Significance
Genes iniPSC_EC
- the target Pathway
Gene
Endothelin-1 is
a potent
Endothelin-1 endogenous
hsa_piRNA 773 ADCY7 SINE Signaling vasoconstrictor
pathway secreted by
endothelial
cells.
hsa_piRNA 27535 Upregulated
hsa_piRNA 27536 Apelin
hsa_piRNA 27538 Apelin sianalin
hsa_piRNA_27539 | MEF2C Endothelial gnaling
hsa_piRNA_42079 LINE Signalin regulates
_PI — g g endothelial
hsa_piRNA_48121 Pathway formation
hsa_piRNA 48122 '
hsa piRNA 48123

Table 4: piRNAs targeting genes and corresponding pathways essential to maintain the endothelial
cell state

piRNAs targeting tumor suppressor genes: It has been reported previously that certain
tumor suppressors like p53 plays a significant role in cell differentiation [33]. Further it
has been seen that down regulation of p53 leads to an increased efficiency of
reprogramming iPSCs [34]. Other reports have also shown that the retinoblastoma tumor
suppressor controls cell proliferation and differentiation. Loss of this function in stem or
progenitor cells can serve as a pivotal event in cancer initiation modifying the path of
differentiation [35]. But there has been no report regarding the role of tumor suppressors
influencing differentiation to a particular lineage specifically to endothelial lineage. Our
analysis come up with some interesting set of tumor suppressors as piRNA targets which
are significantly expressed along this pathway of differentiation to endothelial lineage.
Table 5 provides the list of the piRNAs along with their target tumor suppressor genes
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which remains down in iPSCs but gradually turns up as the cell transits to the
differentiated state into endothelial lineage. Subsequent future studies can be carried out
towards looking further into the expression dynamics of these piRNAs and their tumor
suppressor targets within the intermittent states lying between iPSC and iPSC-EC which
will strengthen their role in differentiation along this lineage.

pPiRNA Target Tumor Overlapping Cancer Type
Suppressor Repeat Region
Genes within the Gene
hsa_piRNA 25921 AR SINE Retinoblastoma
hsa piRNA 49859 IKZF1 LINE Leukemia
hsa_piRNA_25087, GPR161 SINE Medulloblastoma
hsa_piRNA 49859
hsa_piRNA_48119, ZBTB16 LINE Prostate cancer, uterine cancer
hsa_piRNA 48121
hsa_piRNA_25087, INPP4B SINE Ovarian cancer, cervical cancer
hsa_piRNA 41005
hsa_piRNA 25087 PRKAR1A SINE Lung adenocarcinoma
hsa_piRNA_24546, TNFAIP3 SINE Primary mediastinal B-cell
hsa_piRNA 24547 lymphoma
hsa_piRNA_27012, PCDH9 LINE Brain glioma,
hsa_piRNA 773 Hepatocellular carcinoma
hsa_piRNA_47867, SUFU - Clear cell renal cell carcinoma
hsa_piRNA 47868
hsa piRNA 46692 SETD7 - Stomach cancer, breast cancer

Table 5: piRNAs targeting Tumor Suppressor genes

Certain piRNA target genes that play a role in maintaining the stem-like properties of
cells (NTF4, TFCP2L1, STAM, KIF14) are downregulated in iPSC_EC which is needed
to facilitate the differentiation process (Table 6). All these once again revealed the
importance of piRNA expression dynamics towards regulating stem cell fate and
differentiating them along the path of endothelial lineage.

Overlapping Target gene
iRNA Target Gene Status in Repeat re gulagt’ed Significance
P Genes iPSC_ EC within the 9 g
Pathway
Gene
hsa_piRNA_30968 Human Properties of
hsa_piRNA 30967 NTF4 SINE Embryonic pluripotency
hsa_piRNA 10261 Stem Cell and self-
hsa piRNA 29657 TFCP2L1 LINE Pluripotency renewal
Regulator of
stem cell
hsa_piRNA 33753 Downregulated Signaling by renewal in
hsa_piRNA 40198 STAM SINE MET early
embryonic
development
hsa_piRNA 43432 | .0 sNg | RHOGTPase EST:;;V?;'IC
hsa_piRNA_43433 cycle .
regulation

Table 6: piRNAs downregulating stemness related genes to facilitate differentiation of the cell
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A major portion of these piRNAs playing various role in iPSC differentiation to
endothelial cells showed maximum overlap with RNA Repeat families [Figure 4]. This
once again reiterates the importance of RNA derived piRNAs as mentioned previously.

mDNA ®mrRNA mscRNA ®=SINE ®=tRNA

Figure 4: Distribution of the targeting piRNAs across Different Repeat Families

In summary, our findings indicate that the differentially expressed piRNAs identified in
this study may exert regulatory roles in fine-tuning the expression of genes crucial for
maintaining differentiated state of endothelial cells. Through their interactions with target
genes, these piRNAs likely contribute to the intricate regulatory networks governing
endothelial cell identity and function.

6.4. Conclusion

While the existence and diverse functions of piRNAs in pluripotent stem cells have been
extensively studied, their role in iPSC-derived cells remains relatively unexplored. In this
study, we have investigated the piRNA expression dynamics towards orchestrating the
differentiation of iPSCs specifically into ECs as they play a crucial role in vascular
biology and are involved in processes such as angiogenesis, vasculogenesis, and vascular
homeostasis which are highly linked to regenerative therapy based applicative studies.
Our analysis revealed various interesting aspects including the modulatory role of
piRNASs on tumor suppressor genes to initiate and continue the differentiation process.
Further, a large proportion of the piRNAs modulating the differentiation process have
overlapping RNA repeats which reveals the importance of RNA fragments in
differentiation process. Overall, it is just the tip of the iceberg. This work warrants further
experimental validation to strengthen our conclusion. It also throws up open questions as
to whether such piRNA targeting pattern is very specific for differentiation to a particular
lineage.

110



CHAPTER 6

References

1. Cox DN, Chao A, Baker J, et al. A novel class of evolutionarily conserved genes defined
by piwi are essential for stem cell self-renewal. Genes & development. 1998 Dec
1;12(23):3715-27.

2. Cheng EC, Kang D, Wang Z, et al. PIWI proteins are dispensable for mouse somatic
development and reprogramming of fibroblasts into pluripotent stem cells. PloS one.
2014;9(9):€97821.

3. Sharma AK, Nelson MC, Brandt JE, et al. Human CD34(+) stem cells express the hiwi
gene, a human homologue of the Drosophila gene piwi. Blood. 2001 Jan 15;97(2):426-
34.

4, Bamezai S, Rawat VP, Buske C. Concise review: The Piwi-piRNA axis: pivotal beyond
transposon silencing. Stem cells. 2012 Dec;30(12):2603-11.

5. Zhu Y, Fan C, Zhao B. Differential expression of piRNAs in reprogrammed pluripotent
stem cells from mouse embryonic fibroblasts. IUBMB life. 2019 Dec;71(12):1906-1915.

6. Samavarchi-Tehrani P, Golipour A, David L, et al. Functional genomics reveals a BMP-
driven mesenchymal-to-epithelial transition in the initiation of somatic cell
reprogramming. Cell stem cell. 2010 Jul 2;7(1):64-77.

7. S. A. FastQC: a quality control tool for high throughput sequence data.
http://wwwbioinformaticsbabrahamacuk/projects/fastgc. 2010.

8. Pertea M, Kim D, Pertea GM, et al. Transcript-level expression analysis of RNA-seq
experiments with HISAT, StringTie and Ballgown. Nature protocols. 2016
Sep;11(9):1650-67.

9. Danecek P, Bonfield JK, Liddle J, et al. Twelve years of SAMtools and BCFtools.
GigaScience. 2021 Feb 16;10(2).

10. Trapnell C, Williams BA, Pertea G, et al. Transcript assembly and quantification by
RNA-Seq reveals unannotated transcripts and isoform switching during cell
differentiation. Nature biotechnology. 2010 May;28(5):511-5.

11. ChenY, YeW, Zhang Y, et al. High speed BLASTN: an accelerated MegaBLAST search
tool. Nucleic acids research. 2015 Sep 18;43(16):7762-8.

12. Ghosh B, Sarkar A, Mondal S, et al. piRNAQuest V.2: an updated resource for searching
through the piRNAome of multiple species. RNA biology. 2022;19(1):12-25.

13. Love MI, Huber W, Anders S. Moderated estimation of fold change and dispersion for
RNA-seq data with DESeq2. Genome biology. 2014;15(12):550.

14, Haeussler M, Zweig AS, Tyner C, et al. The UCSC Genome Browser database: 2019
update. Nucleic acids research. 2019 Jan 8;47(D1):D853-D858.

15. John B, Enright AJ, Aravin A, et al. Human MicroRNA targets. PLoS biology. 2004
Nov;2(11):e363.

16. Hashim A, Rizzo F, Marchese G, et al. RNA sequencing identifies specific PIWI-
interacting small non-coding RNA expression patterns in breast cancer. Oncotarget. 2014
Oct 30;5(20):9901-10.

17. Gan H, Lin X, Zhang Z, et al. piRNA profiling during specific stages of mouse
spermatogenesis. Rna. 2011 Jul;17(7):1191-203.

18. Thomson T, Lin H. The biogenesis and function of PIWI proteins and piRNAs: progress
and prospect. Annual review of cell and developmental biology. 2009;25:355-76.

19. Garcia-Lopez J, Hourcade Jde D, Alonso L, et al. Global characterization and target
identification of piRNAs and endo-siRNAs in mouse gametes and zygotes. Biochimica
et biophysica acta. 2014 Jun;1839(6):463-75.

20. Keam SP, Young PE, McCorkindale AL, et al. The human Piwi protein Hiwi2 associates

with tRNA-derived piRNAs in somatic cells. Nucleic acids research. 2014
Aug;42(14):8984-95.

111


http://wwwbioinformaticsbabrahamacuk/projects/fastqc

22.

23.

24,

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

35.

CHAPTER 6

La Greca A, Scarafia MA, Hernandez Canas MC, et al. PIWI-interacting RNAs are
differentially expressed during cardiac differentiation of human pluripotent stem cells.
PloS one. 2020;15(5):e0232715.

Enright AJ, John B, Gaul U, et al. MicroRNA targets in Drosophila. Genome Biology.
2003 2003/12/12;5(1):R1.

Zuo'Y, Liang Y, Zhang J, et al. Transcriptome Analysis Identifies Piwi-Interacting RNAs
as Prognostic Markers for Recurrence of Prostate Cancer. Frontiers in genetics.
2019;10:1018.

Liu Y, Zhang J, Li A, et al. Prediction of cancer-associated piRNA-MRNA and piRNA-
IncRNA interactions by integrated analysis of expression and sequence data. Tsinghua
Science and Technology. 2018;23(2):115-125.

Weng W, Liu N, Toiyama Y, et al. Novel evidence for a PIWI-interacting RNA (piRNA)
as an oncogenic mediator of disease progression, and a potential prognostic biomarker in
colorectal cancer. Molecular cancer. 2018 Jan 30;17(1):16.

Roy J, Sarkar A, Parida S, et al. Small RNA sequencing revealed dysregulated piRNAs
in Alzheimer's disease and their probable role in pathogenesis. Molecular bioSystems.
2017 Feb 28;13(3):565-576.

Singh G, Roy J, Rout P, et al. Genome-wide profiling of the PIWI-interacting RNA-
mRNA  regulatory networks in epithelial ovarian cancers. PloS one.
2018;13(1):0190485.

de Almeida CJG. Caveolin-1 and Caveolin-2 Can Be Antagonistic Partners in
Inflammation and Beyond. Frontiers in immunology. 2017;8:1530.

Shibuya M. Vascular Endothelial Growth Factor (VEGF) and Its Receptor (VEGFR)
Signaling in Angiogenesis: A Crucial Target for Anti- and Pro-Angiogenic Therapies.
Genes & cancer. 2011 Dec;2(12):1097-105.

Zhao Y, Qian Y, Sun Z, et al. Role of PI3K in the Progression and Regression of
Atherosclerosis. Frontiers in pharmacology. 2021;12:632378.

Tocci P, Blandino G, Bagnato A. YAP and endothelin-1 signaling: an emerging alliance
in cancer. Journal of experimental & clinical cancer research : CR. 2021 Jan 9;40(1):27.
Helker CS, Eberlein J, Wilhelm K, et al. Apelin signaling drives vascular endothelial
cells toward a pro-angiogenic state. eLife. 2020 Sep 21,9.

Jain AK, Barton MC. p53: emerging roles in stem cells, development and beyond.
Development. 2018 Apr 13;145(8).

Rasmussen MA, Holst B, Tumer Z, et al. Transient p53 suppression increases
reprogramming of human fibroblasts without affecting apoptosis and DNA damage.
Stem cell reports. 2014 Sep 9;3(3):404-13.

Sage J. The retinoblastoma tumor suppressor and stem cell biology. Genes &
development. 2012 Jul 1;26(13):1409-20.

112



CHAPTER 7| General Conclusions and Future
Perspectives

The ever-expanding repertoire of functional non-coding RNAs (ncRNAS) has
revolutionized our understanding of the non-coding genome's significance in cell
biology. The emergence of novel classes of ncRNAs has underscored their pivotal roles
as additional layers of regulation governing diverse aspects of gene expression. In
parallel, the development of advanced computational techniques has complemented
experimental approaches, facilitating the detection and characterization of these elusive
transcripts. Reports from the scientific literature have increasingly highlighted the
regulatory contributions of ncRNAs across various biological contexts, with particular
emphasis on their involvement in orchestrating gene expression dynamics in stem cells.
Stem cells, including induced pluripotent stem cells (iPSCs), represent a paradigmatic
model system for studying cellular identity and fate determination. The intricate gene
regulatory networks governing aberrant cell fates, such as those observed in pluripotent
stem cell derivatives, have emerged as focal points of investigation.

A key focus of this thesis has been to explore the role of ncRNAs in orchestrating the
process of iPSC differentiation leading to certain cell fates. This study has placed
emphasis on two major classes of small ncRNAs: microRNAs (miRNAs) and PIWI-
interacting RNAs (piRNAS).

The investigation into the roles of miRNAs in iPSC derived cells across three germ
layers—neurons, hepatocytes, and cardiomyocytes yielded intriguing findings. Notably,
the clustering of iPSC-derived cells with their respective cancerous counterparts instead
of clustering with the corresponding primary cells of the same lineage (based on both
miRNA and mRNA expression data) suggests a potential oncogenic contamination
within these iPSC derivatives. This observation underscores the regulatory role of
miRNAs towards orchestrating certain cellular events which eventually leads to
oncogenicity within iPSC derivatives. In the subsequent phase of my thesis, | sought to
investigate whether the choice of reprogramming method for iPSC generation influences
the observed oncogenic transformation within their differentiated counterparts.
Surprisingly, the results revealed a consistent presence of oncogenic contamination in
iIPSC-derived endothelial cells, irrespective of the reprogramming method employed.
This unexpected finding prompted further inquiry into the underlying mechanisms
driving this phenomenon. To gain deeper insights, we conducted in-house small RNA
sequencing analysis, which corroborated the observed pattern of oncogenic
contamination within iPSC derivative. Subsequent analyses identified potential miRNA-
mediated alterations implicated in driving this transformation. These findings highlight
the critical role of miRNA dysregulation in mediating oncogenic transformation in iPSC-
derived endothelial cells.

Based upon the insights obtained from the prior investigation spanning into the three
germ layer based analysis and looking back into the involvement of different
reprogramming methods for such remnant oncogenic contamination within iPSC
derivatives we proceeded to develop a prediction model. This will serve as a quality
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control measure to predict the eligibility of these iPSC derivates to be used for
regenerative therapy. By leveraging machine learning techniques embedding the features
involving miRNA mediated modulation of the transcriptome of iPSC derivatives, the
model offers a robust tool for predicting the likelihood of oncogenic transformation
within them, thus assessing their eligibility for a safe and reliable regenerative
application.

One of the strengths of this study lies in its comprehensive analysis of iPSC derivatives
across all germ layers along with consideration of different reprogramming methods
allowing for a holistic examination of regulatory mechanisms in diverse cell types. By
elucidating the oncogenic signatures associated with miRNA dysregulation in iPSC
derivatives, this research provides valuable insights into the molecular underpinnings of
cellular differentiation and lineage commitment. However, it is important to acknowledge
certain limitations of this work. Firstly, while the clustering of iPSC derivatives with
cancer systems suggests oncogenic similarities, further functional validation is required
to elucidate the biological significance of these observations. Additionally, the potential
constraint is posed by data availability, particularly in accessing comprehensive datasets
encompassing diverse iPSC derivatives of different other cell types corresponding to each
germ layer. This scarcity of data may hinder the thorough exploration of necessitate
cautious interpretation of findings.

Despite these limitations, the identification of oncogenic parallels between iPSC
derivatives and cancer cells opens up new avenues for future research. The
implementation of the predictive model represents a significant advancement in the field
of IPSC research, offering an applicative approach for quality control and risk
management. By providing researchers with a means to assess the oncogenic risk
associated with iPSC-derived cell populations, the prediction model stands to benefit the
broader scientific community engaged in iPSC-based studies and applications. Moving
forward, integrated experimental and computational approaches will be instrumental in
unraveling the intricacies of oncogenic regulation in iPSC derivatives.

piRNAs are recognized for their significant roles in stem cell self-renewal and various
essential processes in developmental and disease biology. To deepen our understanding
of piRNA biology, we embarked on updating our previously published database on
piRNAs, now known as piRNAQuest V.2. This updated version incorporates novel
features associated with fundamental piRNA biology, alongside an extensive
investigation into their roles in diverse disease systems. Despite ongoing efforts by
researchers to explore different aspects of piRNAs in stem cells, the precise regulatory
mechanisms governing their involvement in stem cell differentiation remain elusive.
Leveraging the wealth of information available in piRNAQuest V.2, we conducted a
comprehensive analysis on role of piRNAs in modulating the differentiation of iPSCs
into endothelial cells. Our analysis uncovered several intriguing findings, including the
regulatory influence of piRNAs on tumor suppressor genes, which might play a pivotal
role in initiating and sustaining the differentiation process. Subsequent future studies can
delve deeper into the expression dynamics of these piRNAs and their targets within the
transitional states between iPSC and its derivatives. This exploration will enhance our
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understanding of their role in guiding differentiation along this lineage. Further, majority
of these targeting piRNAs have been found to have overlap with RNA repeat families,
which once again reveals the importance of RNA derived fragments.

In summary, our research endeavors have brought to light previously unexplored and
underestimated regulatory networks governed by ncRNAs in shaping the landscape of
stem cell biology. Through our investigations, we have demonstrated that ncRNAs, once
regarded as the "dark matter" of the genome, are indeed key players orchestrating
fundamental processes within eukaryotic cellular homeostasis. By elucidating the
contributions of small ncRNAs viz.miRNAs and piRNAs in iPSC differentiation, this
thesis not only advances our fundamental understanding of stem cell biology but also
holds implications for regenerative medicine and disease modeling. The insights gleaned
from this study may inform the development of novel therapeutic strategies aimed at
manipulating cellular fates for therapeutic purposes. Moreover, this research underscores
the importance of integrative approaches that leverage both computational and
experimental methodologies to unravel the complexities of gene regulation in stem cells
and beyond. Moving forward, our findings pave the way for further exploration into the
regulatory roles of these ncRNAs across diverse biological contexts. By continuing to
unravel the complexities of ncRNA-mediated regulation, we can gain deeper insights into
the fundamental processes governing cellular function and pave the way for the
development of innovative therapeutic strategies targeting ncRNAs in various diseases
and disorders.
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ABSTRACT

PIWI interacting RNAs (piRNAs) have emerged as important gene regulators in recent times. Since the
release of our first version of piRNAQuest in 2014, lots of novel piRNAs have been annotated in different
species other than human, mouse and rat. Such new developments in piRNA research have led us to
develop an updated database piRNAQuest V.2. It consists of 92,77,689 piRNA entries for 25 new species
of different phylum along with human, mouse and rat. Besides providing primary piRNA features which
include their genomic location, with further information on piRNAs overlapping with repeat elements,
pseudogenes and syntenic regions, etc., the novel features of this version includes (i) density based
cluster prediction, (ii) piRNA expression profile across various healthy and disease systems and (iii) piRNA
target prediction. The concept of density-based piRNA cluster identification is robust as it does not
consider parametric distribution in its model. The piRNA expression profile for 21 disease systems
including cancer have been hosted in addition to 32 tissue specific piRNA expression profile for various
species. Further, the piRNA target prediction section includes both predicted and curated piRNA targets
within eight disease systems and developmental stages of mouse testis. Further, users can visualize the
piRNA-target duplex structure and the ping-pong signature pattern for all the ping-pong piRNA partners
in different species. Overall, piRNAQuest V.2 is an updated user-friendly database which will serve as
a useful resource to survey, search and retrieve information on piRNAs for multiple species. This freely
accessible database is available at http://dibresources.jcbose.ac.in/zhumur/pirnaquest2.
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Introduction

Although studies on fish, flies and mammals have shown
a conserved association of piRNAs with PIWI proteins
[2,10,11], the length variation of piRNAs have been observed
with evolving sequencing technologies between different spe-
cies. In general, piRNAs in mammals can be categorized into
two subclasses called pachytene (29-33 nts) and pre-
pachytene (26-28 nts) [14], whereas piRNAs in
Caenorhabditis elegans are named as 21 U-RNA owing to its
bias for length of 21 nts. Though the piRNAs are best seen in
germ cells, several studies have shown piRNA expression in
brain, kidney, lung, liver, stomach, testis and ovary [15-18] as
well as in different cancers [19].

To maintain genome integrity in germ cell lineages, highly
expressed PIWI proteins in germ and stem cells [9] take part
in controlling transposon activity as a defensive mechanism

PIWT interacting RNAs (piRNAs) belong to a broad group
of endogenous small non-coding RNAs(ncRNAs) [1],
which typically ranges in length from 25 to 33 nucleotides
(nts). In mammals, these ncRNAs were first reported in
mouse testes [2-5]. They act as guide for PIWI proteins,
which belongs to Argonaute protein family and exhibit
slicer activity [6-9]. Unlike other small ncRNAs, i.e.
miRNAs and siRNAs, piRNAs are biogenised from both
primary processing pathway as well as the amplifying ping-
pong mechanism [10] from single stranded precursor
molecules [11] via Dicer independent pathway [12]. The
primary piRNAs originate from individual genomic loci
that are commonly known as piRNA clusters [10]. In
most cases, the germline clusters generate piRNAs from
both strands (known as dual-strand clusters), whereas fla-

menco clusters of Drosophila follicle cells and murine
pachytene piRNA clusters generate piRNAs from only
a single DNA strand (uni-strand clusters) [13]. In the
ping-pong cycle, generation of sense secondary piRNAs is
initiated by the antisense primary piRNAs which in turn
produces secondary antisense piRNAs and the amplifying
loop continues [7,10].

[20]. Studies showed that, mutation in MIWI which is a PIWI
homolog in mouse leads to male infertility as well as over
expression of retrotransposon transcripts [21]. Similar obser-
vation has been reported in case of flies [12]. In association
with piRNA forming piRNA-induced silencing complexes
(piRISCs), PIWI-piRNA pathway silences transposons via
complementary base-pair recognition between piRNA and
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transposon followed by endonucleolytic cleaving of the target
[22,23].

Existing databases like piRNABank [24], piRBase [25],
piRNAdb [https://www.pirnadb.org], piRTarBase [26] and
piRNA Cluster Database [27] provide information on
piRNAs for multiple species. Among these, piRBase is
a manually curated database which hosts piRNA informa-
tion on multiple species and some disease systems. ‘piRNA
cluster database’ is a dedicated database for piRNA clusters
where the clusters are predicted using proTRAC [28].
piRDisease V1.0 [29] hosts piRNA records for different
diseases but is not currently accessible. Despite such exten-
sive work on piRNAs, there still remain several unexplored
areas, such as their association with long noncoding RNAs
(IncRNAs) or the presence of any genomic elements within
their loci which can influence their function. We published
the first version of piRNAQuest to probe deep into these
lesser explored domains of piRNAome. It hosted piRNA
information for three species, viz. human, rat and
mouse [30].

Though various computational tools have characterized
novel piRNAs [31,32] but their function remains unclear.
Hence, it is important to identify potential piRNA targets
and disease-related piRNAs. Further, both predicted and
validated piRNA targets including mRNAs and IncRNAs
are not properly curated in any of the existing databases.
Moreover, identifying piRNA clusters which are hotspots of
piRNA biogenesis is another big challenge in piRNA
research.

In this work, we present piRNAQuest V.2, which is an
extended version of piRNAQuest. This new version includes
the following additional features: (i) extensive analysis on 25
new species in addition to human, mouse and rat of the
previous version, (ii) density-based clustering approach [33]
to identify the ‘hotspots of piRNA expression’, popularly
known as ‘piRNA clusters’. Since piRNA distribution varies
with genomic locations in different species, identifying piRNA
clusters based on their density in genome can provide new
impetus to get biologically relevant clusters, (iii) tissue specific
expression of piRNAs among different species, and (iv)
expression of piRNAs in different disease systems with an
emphasis on different types of cancers. Emerging evidences
suggest that piRNAs have important roles in disease
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progression and diagnosis [34-39]. Thus, the efficacy and
potential mechanism of action of a piRNA in cancer relies
on its expression in various tissues and disease systems which
correlate with disease progression, (v) piRNA target predic-
tion within both mRNAs and IncRNAs that would further
help to identify the key players contributing towards disease
development.

In addition to these extensive features, we have updated
another section of the database, viz. “Tools’, where users will
be able to predict piRNA clusters using customized para-
meters, check ping-pong pattern overlap in their sequences
and predict piRNA targets using miRanda [40].

Overall, piRNAQuestV.2 is a user friendly database for
multi-species piRNA survey, search and retrieval. piRNA
expression within normal tissues and cancer as well as the
information about piRNA targets will serve as a valuable
resource for piRNA researchers. The database is freely acces-
sible at http://dibresources.jcbose.ac.in/zhumur/pirnaquest2.

Results

piRNAQuest V.2 (an updated version of piRNAQuest) hosts
information on 92,77,689 piRNAs corresponding to 28 species
(consisting of 25 new species in addition to human, mouse
and rat) which are from different phylum ranging from
nematode to chordate (Figure 1). Apart from the coverage
of species, this new version has included several additional
features which add to the significance of this database as
compared to other piRNA database. The set of updated fea-
tures of this new version compared to the old version has
been put up in Table 1. We have also put up feature wise
comparison of piRNAQuest V.2 with other piRNA database
(Supplementary File SI).

Among 28 species, 9 species (viz. Chinese hamster, Sea hare,
Tree Shrew, Brown Bat, Silkworm, Mosquito, Drosophila virilis,
Drosophila erecta and Starlet sea anemone) has not been anno-
tated yet. Hence, genomic localization and related features could
only be provided for the rest of the 19 species. Among rest of the
9 species, we have been able to identify repeat-associated
piRNAs for 4 species (viz. Chinese hamster, Tree Shrew,
Drosophila virilis and Drosophila erecta), as their repeat annota-
tions were available from UCSC [41] and this information can be

Animalia
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Crab eating macaque, Horse,
Rabbit, Bat, Dog, Tree Shrew,
Pig, Cow, Platypus, Marmoset

Human, Mouse, Rat,
> Chinese Hamster, Rhesus macaque,

Mosqulm
Sllkwm m

Sea Hare Fruit Flies Free living nematode Starlet sea
[ ] (From Drosophila Et'mh) (Caenorhabditis elegans) anemone

Figure 1. Taxonomical representation of species included in piRNAQuest V.2.

Common names are used for the species with their respective Kingdom, Phylum and Class.
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Table 1. Comparison of features between piRNAQuest V.2 and piRNAQuest.

Database content piRNAQuest piRNAQuest V.2
Number of species 3 28
PiRNA entries 9,98,585 92,77,689
Chromosomal distribution Yes Yes
Association with gene Yes Yes
Association with pseudogene Yes Yes
Association with repeat elements  Yes Yes
Cluster information Yes (Lau et al. method), for 3 Yes (Density based clustering approach), for 19 species
species
Association of clusters with Yes Yes
genomic regions
Syntenic piRNA clusters Yes Yes
Ping-pong piRNAs Yes Yes
Ping-pong pattern Visualization No Yes
Tissue specific expression Yes (Tissue type — 6, No. of Yes (Noraml Tissue type — 32, No. of Samples — 243)
Samples - 9)
PIiRNA disease association No Yes (16 types of cancer, 2 neurodegenerative diseases amd 3 other diseases)
Graphical representation of No Yes (For 32 normal tissue types and 16 types of cancer, 2 neurodegenerative diseases
expression amd 3 other diseases)
Predicted piRNA — mRNA target pairs No Yes (For seven types of cancer, asthenozoospermia and mouse testis)
Predicted piRNA targets within No Yes (For seven types of cancers, asthenozoospermia and mouse testis)
IncRNAs
PiRNA target genes (literature No Yes (for Human, Mouse and C. elegans)
curated)
Target prediction tool No Yes
Ping-pong overlap prediction tool No Yes

visualized in graphical format from the ‘Statistics’ submenu
under ‘Help Menu’ of the database.

Genomic localization based distribution of piRNAs

piRNAQuest V.2 hosts multispecies piRNA information
where there is a remarkable increase in the number of
piRNA entries compared to that in the previous version.
Among the 28 species, distribution of piRNAs across different
chromosomes has been mapped only for 19 species (as men-
tioned above) (Supplementary Figure SF1 and SF2).
Interestingly, chromosome 15 in human contains the max-
imum number of piRNAs which is similar to our observation
reported in the earlier version of piRNAquest [30]. In this
connection, it is important to note that chromosome 15 in
human has been reported to harbour large number of low
copy repeats popularly known as duplicons [42] which facil-
itate nonhomologous recombination events [42] that leads to
genome instability [43]. Presence of maximum number of
piRNAs in the same chromosome might be to overcome
such adverse situation of genome instability, as piRNAs are
known to play significant role towards maintaining genome
integrity [12].

Further, chromosome 7 and 1 of mouse and rat respec-
tively harbours the maximum number of piRNAs. Among the
newly added species, chromosome IV of Caenorhabditis ele-
gans (which has also been reported earlier [44]) and
Chromosome 2R of Drosophila melanogaster contains max-
imum number of piRNAs.

Abundance of piRNAs in intergenic regions is mostly
predominant as compared to that in intronic region for
most of the species (Figure 2(a)). One of the significant
functions of these intergenic piRNAs is their involvement
in early embryonic development [45]. Further, it has been
reported that intergenic regions harbour IncRNA loci [46].
Hence, we have checked for the presence of IncRNA loci

overlapping with piRNA clusters which consists of inter-
genic piRNAs (results shown later under the section
‘PiRNA clusters overlapping with IncRNAs’). On the con-
trary, piRNA abundance in the 3° UTR, 5° UTR and CDS
region is less, except in zebrafish (having high piRNA
abundance in CDS region) and C. elegans (having high
piRNA abundance in 3’ UTR and 5 UTR regions)
(Figure 2(a)).

Further, it has been found that pseudogenes regulate its
counter gene stability via small RNA mediated silencing [47].
Recently, it has been reported that pachytene piRNAs from
pseudogenes directly regulate its parent genes [48]. This moti-
vated us to check the presence of piRNAs within pseudogenes
for 16 species whose pseudogene information is available [49].
We obtained significant overlap between piRNAs and pseu-
dogenes in several species (Figure 2(b)). Interestingly, max-
imum overlap of piRNAs with pseudogenes has been observed
in human. Recently, pseudogene derived piRNAs have been
found in mature human sperm cells which indicate their role
in regulating expression of their parent gene in male germline
cells [50].

Distribution of piRNA within repeat regions

piRNAs have been reported to have originated from the
repetitive regions and they silence transposons in insects
and mice [10,51,52] regulating global gene expression dur-
ing embryonic development [52]. The piRNA loci for all
the 19 species have been mapped to the genomic locations
corresponding to seven major categories of repeat elements,
viz. LINE, SINE, Simple repeat, DNA, Low complexity,
Satellite and LTR (Figure 2(c)). Vandewege et al. [53]
reported a strong piRNA response in mammals like dog
and horse. These piRNAs are harboured within the SINE
repeat regions which are mostly abundant within these
species. In our database, we have also reported the
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Figure 2. Distribution of multispecies piRNAs: (a) across different genomic locations, (b) within pseudogenes and (c) within repeat family.
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interspersed nuclear elements.

enrichment of SINE repeat associated piRNA loci for 12
mammalian species. In addition to this, several human,
mouse and rat piRNA loci overlap with LTR repeat family.
On the contrary, amphibian piRNAs show a tendency to
overlap with DNA and Simple repeat family. Petersen et al.
[54] has reported the abundance of LTR repeats within
those genomic loci corresponding to the transposable

elements present in Diptera (a particular order of insect
class). Our study also reveals similar observation in case of
the order Diptera, where piRNA enriched regions corre-
sponding to this order overlap with LTR repeat family.
Presence of such repeat regions within piRNA loci can
have important implications as is shown by Halbach et al.
[52]. Here, it has been reported that satellite repeats
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modulate global gene expression via piRNA-mediated gene
silencing which is important for embryonic development of
Aedes.

Biogenesis of piRNAs - the piRNA clusters and ping-pong
amplification

piRNA clusters are also known as the hotspots of piRNA
biogenesis. Initially, in the first version of piRNAQuest, the
method described by Lau et al. [55] was followed to identify
the piRNA clusters within a chromosome. Here a fixed win-
dow length of 20 kilobases (kb) was used to identify the
clusters. Later in 2016, Rosenkranz reported that the piRNA
clusters are not equally distributed across the chromosomes
and is not even related to the length of the chromosome [27].
As the piRNA read distribution varies across the genome
corresponding to different chromosomes, one should not fix
the window size for detecting piRNA cluster. Hence, in this
new version of our database, piRNAQuest V.2, we have
adopted density based clustering approach [33] to identify
the piRNA clusters (Supplementary Figures SF3 and SF4)
which was found to be effective to recognize clusters success-
fully in chicken germ cell [56].

We obtained maximum no. of clusters in chromosome 15
and chromosome IV for human (Supplementary Figure SF3)
and C. elegans respectively (Supplementary Figure SF4). We
also found the same for human previously. In C. elegans, it is
reported that maximum clusters lie within chromosome IV
[44]. Though the function is still unknown, it has been found
that among the sex determining chromosomes, X’ chromo-
somal piRNAs mainly originate from clusters compared to the
Y’ chromosomal piRNAs [27]. Our analyses also have
revealed more piRNA clusters in X’ chromosomes than that
in Y’ chromosome of human, mouse and rat.

PiRNA clusters overlapping with IncRNAs: We have studied
the distribution of piRNA clusters within the IncRNA loci
obtained from LncRBase V.2 [57]. As mentioned earlier, in
the first point of this result section, we observed a significant
overlap of piRNA clusters with the intergenic IncRNAs
(Supplementary Figure SF5A) which are transcribed from in
between two gene loci. This goes in line with previous reports
[58]. In addition, we looked at the overlap of piRNA clusters
with repeat regions (Supplementary Figure SF5B) and found
similar observation as that obtained from the distribution of
piRNAs in repeat elements (as shown in Figure 2(c)).

Motifs within piRNA clusters: Characteristic motifs have
been identified for each of the clusters. These highly con-
served motifs within the piRNA clusters may provide us
information on possible common piRNA binding sites within
its target gene. piRNAs from a cluster generated from coding
gene regions can also regulate its ‘host’ gene expression [59].
A significant % of total piRNA clusters have been found to be
overlapping with coding regions in many species
(Supplementary Figure SF5C).

piRNAs are also generated via secondary biogenesis or the
ping-pong amplification loop. Studies on fly have shown that
somatic piRNAs generally do not show ping-pong pattern,
suggesting that the ping-pong loop may work mainly in germ-
line cells [60,61]. The distribution of ping-pong piRNAs

among the different chromosomes was determined.
Chromosome 15 in human shows predominance for ping-
pong piRNAs and has also been reported very recently by
Ray and Pandey [62]. More than 50% of the ping-pong
piRNAs in human are found to overlap with protein-coding
genes which indicates towards piRNA-dependent gene regu-
lation [63]. Further, less than 10% of these piRNAs are found
to overlap with repeat elements among which SINE repeat
family is predominant. Previously, Das et al. [64] showed that
ping-pong amplification does not occur in nematode, but
surprisingly in our analysis, 509 ping-pong piRNAs are
found in chromosome IV of C. elegans which may instigate
the role of ping-pong loop in nematode as well.

Tissue-specific expression of piRNAs

Initially, piRNAs were observed to be expressed exclusively in
germline cells [3]. But gradually they have been identified in
somatic cells and the somatic piRNA pathway have been seen
to regulate germline transpositions [65]. Hence, we have ana-
lysed 243 small RNA sequencing samples for 32 tissue types
corresponding to 25 species (Supplementary File S2) in which
13 tissue types are from human. Supplementary Figure SF6
reveals the expression pattern of piRNAs among different
tissue types corresponding to all these 25 species. For
human, we have found the presence of maximum number
of piRNAs in brain followed by colon, testis, spermatozoa
which indicates the role of piRNAs not only in the germline
cells, but also in other somatic cells. Previously, it was shown
that there are piRNA complexes in mouse dendritic spines of
brain and knockdown of those piRNAs resulted in lower spine
density in the axons [45]. Recent studies also indicate that
piRNAs in brain are associated in suppressing retrotranspo-
sons. This has a significant role in brain pathology [66]. It has
been found that the piRNA length distribution is related to
the age of the individual belonging to a particular species, e.g.
in Drosophila the length of piRNAs becomes shorter with age
[67]. Further, loss of methyltranferase result in piRNA
instability and reduction in piRNA length and volume,
which ultimately leads to male sterility during spermatogen-
esis [68]. Interestingly, in our study, we have found the pre-
sence of piRNAs, which are around 36 nts in length in human
sperm samples, whereas such longer piRNAs have been seen
to be expressed very less in any somatic cells.

Disease specific expression of piRNAs

With developments in pathological research, studies have
highlighted the importance of piRNAs in disease systems.
piRNAs and PIWI proteins are found to be expressed abnor-
mally in several cancer systems that increases their impor-
tance as potential novel biomarkers for therapeutic research
[19]. Recent evidences suggest that genomic stability of neu-
rons may be disturbed by dysregulation of the piRNA path-
ways which results in various neurodegenerative disorders
[69]. As genes involved in the biogenesis of piRNAs have an
essential role in spermatogenesis, mutation in those genes
may lead to male infertility [70]. Besides, piRNAs are shown
to regulate Th2 cell development by downregulating IL-4,
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Figure 3. General expression profile of piRNAs in (a) different cancers and (b) other disease systems.

thus inhibiting allergic inflammation and asthma [71] and
have specific binding partners in synovial fibroblasts, suggest-
ing its role in inflammatory processes like Rheumatoid
Arthritis [72]. Here, we have analysed 211 samples corre-
sponding to 21 disease types (Supplementary File S3) in
which 16 types of cancer are present. The distribution of
piRNAs (Figure 3(a)) among different cancers shows the
higher contribution of piRNAs in germ cell cancers like ovar-
ian and testicular cancer. Here, our observation goes in line
with the established role of piRNAs towards maintaining
germ cells [73].

Among other diseases (Figure 3(b)), we found the presence
of 1274 piRNAs among which hsa_piRNA_425 is highly
abundant and hsa_piRNA_28207 is lowly abundant as com-
pared to the abundance of other piRNAs in Alzheimer’s dis-
ease. These have been reported previously [36]. The number
of piRNAs expressed in asthma and rheumatoid arthritis are
278 and 910 respectively. Another interesting observation in
this dataset is regarding the length of the piRNAs. In our
study, we have observed the presence of longer piRNAs in
sperm sample where maximum length of piRNAs is 32 nts in
case of infertile samples indicating the significance of piRNA
length towards spermatogenesis [68].

Beside the general expression profile of piRNAs in differ-
ent diseases, differential expression analysis has been also
performed using DESeq [74] to see the differential mode of
regulation of piRNAs in seven cancer systems and astheno-
zoospermia (based on the availability of both test and control
datasets). Table 2 shows the number of differentially
expressed piRNAs among which the expression of some
piRNAs corroborated with that obtained from literature evi-
dences. For example, hsa_piRNA_9871 and
hsa_piRNA_27200 are found to be upregulated in breast and
lung cancer respectively [75]. This has also been observed in
our study. The upregulated piRNAs hsa_piRNA_7806 and
hsa_piRNA_31147 promote proliferation and invasiveness in
colon [76] and renal cancer [77], respectively, and are also
observed to be upregulated in our analysis.

piRNA-target gene interaction

Beside piRNA mediated cleavage of transposable elements,
piRNAs are also known to target mRNAs and IncRNAs and
subsequently regulate their expression. The involvement of
piRNAs in regulating mRNAs has been studied extensively
[36,78,79]. In a way, similar to the slicing of mRNAs, PIWI-
PiRNA complex can target IncRNAs which has been observed
in multiple organisms [80]. It has been reported that
a decrease in the expression levels of the target may corre-
spond to an increase in the expression levels of the targeting
piRNA, and vice versa [81]. Hence, for precise target predic-
tion, we have screened those piRNAs and mRNAs as well as
piRNAs and IncRNAs whose expression are negatively corre-
lated. This has limited our analysis to those cancer datasets
where both long and small RNA seq datasets are available.
Hence, we have been able to predict piRNA-mRNA and
piRNA-IncRNA interaction for 7 cancer systems (viz. lung,
breast, renal, hepatocellular, ovarian, prostate and colorectal).
The input dataset have been shown in Supplementary File S4
and the differential analysis was performed using the New
Tuxedo’ protocol [82]. Sequence based target prediction has
been done using miRanda. Tissue and cell line data have been
analysed separately. In order to highlight the role of piRNAs
in different developmental stages, we have analysed the small
RNA data corresponding to different developmental stages of
mouse testis viz. 10dpp (days post-partum) and 16.5dpc (days
postcoitum) as compared to that of six months old adult
mouse testis. Further, piRNAs have been analysed corre-
sponding to another disease system named asthenozoosper-
mia where the sperm motility gets reduced in semen sample.
The differentially expressed mRNAs, IncRNAs and piRNAs
are mentioned in Table 2. The final set of piRNA-mRNA and
PiRNA-IncRNA target pairs for 7 cancer types is shown in
Figure 4(a,b), respectively. Figure 4(c,d) shows the number of
piRNA targets within mRNAs and IncRNAs respectively in
two developmental stages of mouse testis. Moreover, we have
also curated experimentally validated piRNA-mRNA target
pairs for human, mouse and C. elegans.
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developmental stages of mouse testis.

Discussion

There has been an increase in the number of piRNAs that
have been identified in different species as well as in different
cells since our first release of piRNAQuest in 2014. Initially,
we developed piRNAQuest, with a goal to develop a non-
redundant comprehensive catalogue of human, mouse and rat
piRNAs so as to provide a better understanding regarding
their genomic localization, overlaps with genomic elements
and their association with other IncRNAs. Although, initial
reports reveal the main functions of piRNAs to be transposon
silencing [51] and maintenance of gene integrity mainly in
germline cells [9], but later it has been identified in somatic
cells as well in many species [10,12]. All these put forward, the
increasing importance of its diverse functions not only in
transposon silencing but also in gene expression regulation.
Hence, we have come up with this new version of
piRNAQuest named as piRNAQuest V.2, where we have
expanded our study to 25 new species (apart from those
included in previous version) covering different phylum or
classes. Along with the previous features, piRNAQuest V.2
has focused on several new aspects such as directionality of
piRNA cluster, piRNA expression among normal tissues and
disease systems and its targets among protein coding genes
and IncRNAs. These will open up novel avenues for piRNA
research.

Over time, many studies have demonstrated the mechan-
ism of primary biogenesis of piRNAs from piRNA clusters
[22,23]. Several protocols have been developed to identify
them. However, lack of uniform distribution of piRNAs
among the chromosomes lead us to consider the density

based clustering approach to identify piRNA clusters. It will
help in understanding the distribution of piRNAs through-
out the genome and the formation of clusters which are the
‘hotspots’ of piRNAs for primary biogenesis. Besides, sec-
ondary biogenesis via ping-pong amplification is also
important for generation of piRNAs and its role towards
silencing of its target. Emphasizing on this, we checked the
ping-pong overlap among the piRNAs and have also pro-
vided options to visualize the ping-pong signature within
the piRNAs. In human, we have seen the presence of
maximum piRNAs in chromosome 15 where the maximum
number of piRNA clusters and ping-pong piRNAs are also
present.

In addition to this, analysing piRNA expression profile of
various normal and disease systems will help us to understand
the piRNA-mediated gene regulation in those systems. In this
version, we have incorporated the piRNA expression profile of
21 disease systems along with several normal tissue data corre-
sponding to different species. As piRNAs are differentially regu-
lated between disease and normal conditions, a decrease in the
expression levels of the target should correspond to an increase
in the expression levels of the targeting piRNA, and vice versa.
Taking this as an opportunity, to unravel the connection
between piRNA expression and disease occurrence, we have
predicted probable piRNA targets which may serve as promising
biomarkers for early diagnosis and act as therapeutic targets for
diseases like cancer. Further, in order to show the involvement of
piRNAs in different developmental stages, we have predicted
piRNA targets within mRNAs and IncRNAs in different devel-
opmental stages of mouse testis.
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Overall, the newly added features along with the existing
ones will make piRNAQuest V.2 a user friendly, comprehen-
sive database for piRNAs. Our future goal is to update the
database regularly with newly annotated piRNAs along with
its novel features in order to continue contributing to the
growing piRNA knowledgebase.

Materials and method
Improved content and new features

Input dataset

piRNA entries have been extended to 25 new species in
addition to human, rat and mouse. The genome builds, avail-
ability of genome annotation and repeat annotation informa-
tion and the number of piRNAs corresponding to the species
has been mentioned in Supplementary Table ST1. The gen-
ome builds are updated from hgl9 to hg38 and rn5.0 to rné6.0
for human and rat respectively. Data are collected in different
formats like fasta, gtf and bed from the respective sources.
Repeat elements and Refseq annotated 5'UTR, 3'UTR, exon,
intron and CDS information have been downloaded from
UCSC [41]. The miRNA information has been downloaded
from miRBase 22 release. Annotated piRNA sequences were
downloaded in.fasta format from National Centre for
Biotechnology Information (NCBI) [83]. Normal tissue and
disease specific small and long RNA sequencing data has been
obtained from NCBI Gene Expression Omnibus (GEO) [84].
LncRNA information has been retrieved from LncRBase
V.2 [57].

Data processing and refinement

Redundancy check and ID assignment. The procedure of
assigning IDs to non redundant piRNA entries is similar to
that followed in piRNAQuest [30]. The sequencing data were
aligned to respective genome. We further filtered out those
reads mapped to other ncRNAs and screened the reads pre-
dicted to be piRNAs using our in-house script. Thereafter,
non-redundant reads were re-aligned with reference genome
for complete alignment with no mismatches and annotated
with unique piRNAQuest IDs, i.e. [three letter abbreviation of
species name]_piRNA_[number]. The annotation IDs are
same for human and mouse as assigned in the previous
version. The only difference is in the annotation of rat from
the previous one as in the last version it was not annotated as
three letter abbreviation of species name. Users can find the
previous IDs which are annotated in this version of the
database in the ID conversion of Help menu for human,
mouse and rat. To study the distribution of piRNAs within
genome, we searched for the localization of piRNAs within
gene, intergenic regions, intron, CDS, UTR regions, repeat
elements and pseudogenes using in-house perl scripts as that
followed in the first version.

Density based piRNA cluster prediction: Previously used
cluster prediction protocol [55] have a disadvantage of con-
sidering window size of fixed length for all species and hence
does not account for the variation in read distribution among
different species. To overcome this discrepancy, we have
adopted density based clustering algorithm DBSCAN [33] to

develop a python based in-house protocol for identifying
piRNA clusters which is based on the read distribution of
piRNAs across the genome.

Clustering parameters: There are two parameters ‘Eps (or
epsilon)” and ‘MinReads’ which allow us to find candidate
clusters. ‘Eps’ is defined as the distance of a read from
a neighbourhood point and ‘MinReads’ are the minimum
number of reads within ‘eps’ distance. To determine the
clustering parameters, inter distance between the annotated
piRNAs are calculated by performing k-dist analysis [33]. We
calculated the distance between each mapped read and its kth
nearest neighbouring read which is referred to as k-dist which
is plotted with respect to the its counts. Eventually, a sharp
valley has been observed in this ‘count versus distance’ plot
until the k-dist follows a uniform distribution. The distance,
for a given value of k, after which the graphs follows an
asymptotic decrease is termed as the eps i.e. eps represents
the distance which repeats itself for maximum number of
times and hence has the highest probability of defining the
boundaries of a cluster containing at least, the ‘MinReads’
which represents the number of reads within the cluster.
After the ‘Eps’ and ‘MinReads’ parameters are set for each
chromosome corresponding to each species, clusters are
detected from the coordinate file of the annotated piRNAs.

Cluster score: In order to calculate piRNA enrichment
within each cluster, we have calculated cluster score for each
piRNA clusters. This has been calculated as follows:

Total no of piRNAs in the cluster

Clust =
USIEr SCOTe= N linimum no of piRNAs needed to form the cluster(kth value)

1

We also checked for the strand specificity of the clusters based
on the directionality of the constituent piRNAs within that
cluster. If a cluster contains both sense and antisense piRNAs,
it is considered as ‘dual strand cluster’ and if it contains only
sense piRNAs or antisense piRNAs, it is considered as ‘uni-
strand cluster’.

Localization of piRNA clusters and characteristic motifs
within them: (i) In-house perl scripts have been used to
check for any overlap of piRNA clusters with coding genes
or IncRNAs or the repeat regions. (ii) piRNAs show a strong
tendency to form clusters in the syntenic regions of genome
[3]. We have downloaded the syntenic regions from UCSC
[41] and searched for piRNA clusters in the corresponding
syntenic regions among different species. (iii) MEME have
been used to find the presence of any significant motifs within
the piRNA clusters [85].

Ping-pong pattern within piRNAs: The secondary mode of
piRNA biogenesis, ie ping pong amplification shows
a distinct sequence based feature within the piRNAs, i.e.
a 10 nt overlap is found between the antisense and sense
piRNAs. An in-house python script has been developed to
identify these ping-pong piRNAs and visualize this ping-pong
signature pattern.

PiRNA profile in Normal and Disease systems: We have
downloaded small RNA sequencing data for different tissue
types from GEO (https://www.ncbi.nlm.nih.gov/geo). A total
of 243 samples were analysed for 32 types of normal tissue
samples for different species. Along with the normal dataset,
we have analysed 211 samples corresponding to 21 types of
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disease data, which includes 16 different types of cancer data
sets. To analyse the expression profile of piRNAs among the
normal tissue and disease systems, BLAST [86] and in-house
perl scripts were used. Further the expression level of each
piRNA found in a sample was normalized by counts
per million (CPM) and were further screened based on the
z-score [87] lying between -3 and +3. Users will be able to
view the expression of 200 most abundant piRNAs in each
set. Additionally, we have checked the distribution of each
piRNAs among all the normal tissues or disease systems
which has been represented graphically to provide better
understanding regarding their expression within different
systems.

PiRNA Target prediction: piRNA target pairs have been
predicted between up regulated piRNAs and downregulated
IncRNAs and mRNAs and vice versa. miRanda [40] has been
used for predicting piRNA targets within IncRNAs (sequences
obtained from LncRBase V.2 [57]) and 3’ UTR region of
mRNAs (sequences downloaded from UCSC [41]). The target
score and energy threshold are 170 and —20 kcal/mol respec-
tively [88]. In the database, we have linked The Human
Protein Atlas [89] and Pathway Commons [90] databases to
the targeted genes for further pathway and pathology based
analysis. Further, our database hosts several experimentally
validated piRNA targets for human, mouse and C. elegans
which have been manually curated from published reports.

The overall workflow has been outlined in (Supplementary
Figure SF7).

Database execution

In piRNAQuest V.2, a query is basically processed via simple
searching options using user’s desired selection criterion and
information are presented on the web interface after retriev-
ing related details from the database. The general information
page displays basic information related to the piRNAs and
provides options to probe into its further genomic details
which is shown in Figure 5(a).

Search and output options
(a) The following options are under the ‘Search piRNAs’
menu

(1) Search by Species Name: Users can browse all
piRNAs by selecting a particular species name with
the help of previous or next buttons.

(2) Search by piRNA Accession ID/Chromosomal Co-
ordinates: Users can search by piRNA accession ID
for detailed information (piRNA sequence, its
length, its NCBI ID (if any), %GC content,
piRNA position corresponding to the genome
build along with its genomic localization within
genes, introns, CDS, 3'UTR, 5'UTR, intergenic
regions, and repetitive elements) of selected species.
A piRNA ID has already been provided as an
example for each of the species. Using desired
chromosomal co-ordinates, users can also get
above mentioned information about piRNAs.
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Search piRNAs by Sequence: Users can retrieve
piRNA information by providing piRNA sequences.
The sequence length should be greater than at least 20
nucleotides.

Search piRNA within Genes:User can search piRNAs
present within Genes by providing a Gene Name
corresponding to the selected species. The result
page will show the piRNAs whose loci overlappes
with this particular gene. User can also search for
piRNAs within Genes of a particular species by pro-
viding chromosomal coordinates corresponding to
that species.

Search piRNA within repeats: Users can search for
piRNAs whose loci get mapped within repeats corre-
sponding to genomic locations (viz. 3/UTR, 5/UTR,
introns, CDS, intergenic regions) for a particular
Repeat Family. Users can also search for repeat-asso-
ciated piRNAs selecting their desired chromosomal
location.

Search piRNAs with Ping-Pong features: User can
search for 10nt overlapping piRNAs within a parti-
cular chromosome of a particular species by selecting
chromosome number corresponding to that species
Figure 5(b).

(b) Search ‘piRNA clusters’

(1)

()

3)

Search clusters by chromosomal co-ordinates: Users
can obtain piRNA clusters by submitting a particular
chromosomal location Figure 5(c). This will fetch
cluster loci, cluster score, total number of piRNAs
within the cluster, cluster strandedness, prevalence
of these piRNAs in minus/plus strand, and the corre-
sponding characteristic motif of the cluster in that
location. The link on the motif navigates to the web-
site (https://meme-suite.org/meme) where users can
perform further study on the motif.

Search mRNAs/IncRNAs/Repeats within piRNA
Clusters: Users can check if piRNA clusters are over-
lapped with mRNA/IncRNA loci or with the repeat
elements.

Search piRNA Clusters in Syntenic Regions: Users
can search for piRNA clusters overlapping with syn-
tenic regions by selecting a particular chromosome
for both target and query organisms.

(c) Browse ‘piRNA Expression’

(1)

()

Search Tissue specific expression: User can view
piRNA expression pattern by selecting tissue type
and will be able to see the top 200 most abundantly
expressed piRNAs by submitting the view option
corresponding to the dataset.

Search Disease specific expression: User can also
retrieve same information as above for different dis-
ease systems.
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Figure 5. Web interfaces for easy access of piRNAQuest V.2 showing: (a) search options through a piRNA ID and the corresponding result page; (b) search options for

pingpong piRNAs and visualizing its pattern; and (c) search options to browse piRNA clu

We have provided an additional option of downloading the
entire set of tissue/disease wise piRNA expression information
for all the samples from the download section.

An additional search option is there under both the above
mentioned menus to retrieve expression level of a particular
piRNA in normal tissues of selected species or that in human
disease systems Figure 6(a).

(d) Search ‘piRNA Targets’

sters.

(1) Search Predicted Targets: Users can search piRNA
targets in mRNA/IncRNA for negatively correlated
dataset by selecting the disease type/different devel-
opmental stages of mouse and the mode of regula-
tion of the piRNA. After clicking the details option,
user will be able to get the detailed prediction
result and visualize the piRNA-target duplex struc-
ture Figure 6(b).
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Figure 6. Web interfaces for easy access of piRNAQuest V.2 showing: (a) tissue wise expression values of individual piRNAQuest IDs and the corresponding output

and (b) search options and detailed output for piRNA target prediction.

(2) Search Curated Targets: In this section, users can
find literature curated piRNA-gene target pairs.

Tools

(1) Dynamic piRNA cluster detection: This tool can
detect piRNA clusters where user can set parameters
of their own, like the chromosomal coordinates, Eps
distance and MinReads.

(2) piRNA Target prediction: Users can provide the
piRNA and target sequences of their own choice
along with their desired energy parameters and
threshold target score to predict piRNA targets.

(3) Ping-pong signature detection: Users need to provide
piRNA sequences in.fasta format to visualize ping-
pong signature pattern within them.
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Abstract: Background: COVID-19 is still widespread due to the rapidly mutating disposition of the vi-
rus, rendering vaccines and previously elicited antibodies ineffective in many cases. The integral mem-
brane Envelope (E) protein which is 75 amino acid residues long, has also acquired several mutations.

Objective: In this work, we have adopted a high-throughput approach incorporating patient gene expres-
sion patterns to identify drug repurposing candidates for COVID-19. We have come up with a list of
FDA-approved drugs that can not only prevent E protein oligomerization in both its wild type and a mu-
tational state but can also regulate gene targets responsible for inducing COVID symptoms.

Methods: We performed an exhaustive analysis of the available gene expression profiles corresponding
to a spectrum of COVID patient samples, followed by drug-gene interaction mapping. This revealed a
set of drugs that underwent further efficacy tests through in silico molecular docking with the wild-type
E-protein.

We also built the molecular models of mutant E-protein by considering the important non-synonymous
mutations affecting E-protein structure to check the activities of the screened set of drugs against the
mutated E-protein. Finally, blind molecular docking simulations were performed to obtain unbiased
docking results.

Results: Interestingly, this work revealed a set of 8 drugs that have the potential to be effective for a
wider spectrum of asymptomatic to severely symptomatic COVID patients.

Conclusion: The varied stages of infection and rapid rate of mutation motivated us to search for a set of
drugs that can be effective for a wider spectrum of asymptomatic to severely symptomatic COVID pa-
tients. Further, the efficiency of these drugs against mutated E-protein increases another level of confi-
dence to fight against this rapidly changing deadly RNA virus and subsequently needs to be validated in

clinical settings.

Keywords: COVID-19, drug-gene interaction, envelope protein, mutation, transcriptome, docking.

1. INTRODUCTION

The outbreak of COVID-19 driven by SARS-CoV-2,
with estimated cases of 669,357,330 and subsequent fatali-
ties of 6,717,841 worldwide reported to date, is still spread-
ing widely [1]. In this infection, the virus spreads due to
droplet or aerosol transmission, i.e., inhaling or coming in
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contact with the respiratory release of the infected individual,
and the extent of pathogenicity largely depends on the im-
mune response of the host [2]. Nowadays, in most cases, the
patients are asymptomatic or display mild symptoms [3, 4].
However, hospitalization is required for patients with mod-
erate to severe reactions where the most dominant cause of
the patient’s demise is acute respiratory distress syndrome
(ARDS) and pulmonary injury, coupled with co-morbid con-
ditions adding more complications [5, 6].

Our main focus is to identify novel drugs against the En-
velop (E) protein, a short, integral membrane protein of 75
amino acid residues of SARS-CoV-2 [7], and our area of
interest lies mainly within the region between the 15" to 37"
amino acid residues of the Transmembrane Domain (TMD)

© 2023 Bentham Science Publishers
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of the E-protein. This region is involved in the formation of
the pentameric viroporin structure, making an ion channel
and contributing to viral pathogenicity [8]. Our previous
work on COVID-19 [9] focused on repurposing FDA-
approved drugs and pharmaceuticals against this E-protein
using a machine learning-based approach.

The innate immune response of the infected host rises
with the spread of the infection from the upper to the lower
respiratory tract when the symptoms of the patient soar [10].
The diverse range of clinical manifestations from asympto-
matic to severe disease may be explained by this steady
spread. The innate immune response is also responsible for
the characteristic ‘cytokine storm’ of severe cases of
COVID-19 [11]. There are also conclusive evidences of the
infection not being restricted to the respiratory tract but its
dissemination to other organs. The viral load has also been
detected in blood and feces [12, 13], and there have been
reported cases of damage to the eyes, skin, liver, heart, and
kidneys, among other organs [14-18]. The time-point of viral
spread has been estimated to take about 4-9 days in the lungs
and 8-15 days in the blood [19]. Hence, detailed information
on gene expression changes corresponding to such a spec-
trum of clinical specimens from covid patients can yield sig-
nificant insights into the disease pathogenesis and detect
other possible modes of viral transmission apart from respir-
atory droplets [20]. All these tempted us to adopt a high-
throughput approach incorporating patient gene expression
data to refine the drug screening process [21, 22]. The main
hypothesis behind this approach is that an effective drug
reverses the gene expression signature of the patient [23, 24].

Hence, in this work, we analyzed the available gene ex-
pression profiles from (i) blood samples of asymptomatic
patients, (ii) swabs and blood samples of hospitalized pa-
tients and (iii) lung samples of deceased individuals and elu-
cidated the corresponding drug-gene interactions. Interest-
ingly, gene expression analysis followed by drug-gene inter-
action mapping revealed a set of drugs that have the potential
to be effective for the treatment of a wider spectrum of pa-
tients suffering from COVID-19 infections with asympto-
matic to severe symptoms.

However, one of the major challenges, which lie ahead in
the selection of drugs against COVID-19, is the mutational
capability of the SARS-CoV-2. Owing to the rapidly chang-
ing predisposition of this RNA virus, mutated new strains are
stemming every now and then [25, 26]. Although most muta-
tions are inconsequential, some can change viral characteris-
tics [27]. In such cases, antibodies elicited against earlier
virus strains could be rendered less effective by some of the-
se mutations [28]. Thus, the immune response generated due
to prior infection or after vaccination can be easily escaped
by the mutated strain [29]. The genotyping analysis revealed
a higher rate of mutations in several viral proteins like Spike,
Nucleocapsid and RNA polymerase [30-32], compared to
genes encoding for E-protein [33, 34]. However, E-protein
has also undergone mutations. Hence, it became a matter of
concern whether the drugs screened against the wild-type
variant of E-protein would work as efficiently against the
mutated protein. Hence, we considered the important non-
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synonymous mutations affecting E-protein structure and
checked the activities of the screened set of drugs against
wild type as well as the mutant E-proteins.

2. MATERIALS AND METHODS

2.1. Transcriptomic Data Analysis

Raw long RNA sequence data of COVID patients from
blood, swab and lung, as well as their respective normal
counterparts, were downloaded from NCBI GEO [35]. A
summary of the input dataset is provided in Table 1. The
lung dataset consists of post-mortem samples of hospitalized
deceased patients who received treatments [36]. The Naso-
pharyngeal (NP) swab data are categorized into (i) young
adults (aged 19-40) and (ii) aged adults (aged above 40) [37].
Blood datasets consist of (i) asymptomatic individuals [38]
and (ii) hospitalized patients on day 0 with mild or moderate
symptoms, and (iii) hospitalized patients on day 0 with se-
vere symptoms [39]. Altogether, there are six groups that
were analyzed separately. The grouping information is pro-
vided in Table 2. Detailed information on the GEO datasets
considered in this analysis and selected samples for both
patients and healthy controls are provided in Supplementary
File SF1. For all the groups, read qualities were checked
with  FastQC  (http://wwwhbioinformaticsbabrahamacuk/
projects/fastqc) followed by trimming of adapters and low-
quality reads (quality<35) with Cutadapt3.4 [40]. Trimmed
reads were mapped to the Human hg38 reference genome
downloaded from GENCODE (https://www.gencodegenes.
org/) using Hisat2 2.1.0 [41]. Sorting and indexing of BAM
files were performed using SAMtools0.1.19 [42], followed
by differential analysis against their respective normal
counterparts with Ballgown [41]. The stattest function of
Ballgown takes care of several concerns, including the
batch effect that may arise due to multiple data sources.
Subsequently, a significant set of differentially regulated
genes was screened with an FC cut-off of 1.5 and g-value
<0.05.

2.2. Drug-gene Interaction and Selection of a Potential
Set of Drugs

We categorized all the six patient groups into three cate-
gories (Table 2)

e Asymptomatic condition, i.e., infected patients showing
no symptoms of the disease. Our asymptomatic patient
data from blood samples belong to this category.

e Hospitalized untreated condition — where patients dis-
played symptoms and needed to be hospitalized but re-
ceived no medication at the time of sample collection.
This includes (a) Swab young patient dataset, (b) Swab
old patient datasets, (c) mild to moderate cases, and (d)
severe cases. The common set of DEGs with the same
mode of regulation in all these datasets was considered
for further analysis.
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Table 1. Summary of input Long RNA sequence dataset.
Sample Type Tissue Type GEO Accession ID No. of Samples
GSE97668
Swab
GSE129959
CONTROL PBMC GSE173670 11
Whole blood GSE167000 15
Lungs GSE158752 17
Swab GSE172274 14
PBMC GSE159678 13
COVID
Whole blood GSE166424 15
Lungs GSE150316 24
Table 2. Experimental grouping of patient-specific input datasets.
Category Patient Datasets No. of Patient Control Datasets No. of Healthy
Samples Controls
i COVID -ve
Asymptomatic Whole Blood 15 Whole Blood 5
Naso-pharyngeal Swab young 6 9
(Aged 19-40 years) Healthy Control Nasal Epi-
Hospitalized Naso-pharyngeal Swab old 3 thelial cells 9
(Untreated cases, sample (Aged above 40 years)
collected at Day 0 of ad- PEMC (Mild/Mod ) 4 "
issi 1 oderate case
mission) ( Healthy control
PBMC CD14+ monocytes
9 11
(Severe case)
Deceased Healthy C I
(post-mortem samples of Lung Formalin fixed paraffin embedded tissue 24 calthy Contro 17
treated patients) Bronchial Epithelial Cells

e Treated deceased patients — Hospitalized patients who
died despite medication. This includes the lung post-
mortem dataset.

Target drugs corresponding to the DEGs were screened
out for each of the patient datasets. For each of the 3 Differ-
entially Expressed (DE) groups, the list of their target drugs
was retrieved from the following databases:

DGIDb [43], a database of druggable genomes to inter-
pret drug-gene interactions with probable therapeutic bene-
fits and DrugBank [44], a free online database holding in-
formation on drugs and their targets, were used.

Next, the target drugs, common across all three catego-
ries of patients, were filtered.

These drugs were screened further based on the follow-
ing criteria:

FDA status— only approved drugs and nutraceuticals
were considered

Side effects — drugs with reported severe side effects
were discarded

Chemical structure of the drug molecules — At this
stage, our main target was to select those drugs which
would be able to disrupt the formation of the active
pentameric E-protein by interacting with it in such a
way that the viable E-protein pentamer was not gener-
ated. In this context, our main area of interest is the
membrane-spanning region of the E-protein located
between the amino acid residues 15 to 37.

This region, containing 3 aromatic Phe residues (at
positions 20, 23 and 26), participates in E-protein oli-
gomerization to make a viable and active pentameric
structure necessary for its host cell activity. In order to
stop the oligomerization process, the optimum drug
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candidate must have aromatic rings to block the said
region of E-protein by stacking interactions of the ar-
omatic rings in the ligands with the side chains of the
Phe residues. Thus, we screened those sets of drugs
which have at least 2 aromatic rings in them.

Pathophysiological properties of the drug molecules —
So far, the pathophysiological properties are con-
cerned, we omitted the set of drugs which have the
potential to be used as chemotherapeutic agents [45],
such as antipsychotic drugs [46], as they have extreme
side effects. Besides, we excluded non-edible drugs,

Gene Expression data from
Swab, Blood and Lung

Differential Gene Expression analysis
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viz., topical drugs.

Overall, we obtained the final set of screened FDA-
approved drugs based on their beneficial chemical
structure, with minimal side effects. These sets of
drugs were considered for subsequent molecular
dockings. The detailed workflow is summarized in

Fig. (1).

2.3. Mutational Analysis of SARS-CoV-2 E-protein

In order to check for the sequence conservation of E-

protein across the globe, amino acid sequences of the E-
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Fig. (1). Workflow summarizing the entire work. (4 higher resolution / colour version of this figure is available in the electronic copy of the

article).
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protein were downloaded from NCBI SARS-CoV-2 re-
sources submitted till 18™ January 2022. Custom scripts
were used to check for sequence conservation and mutation
at the amino acid level against their wild-type E-protein se-
quence (accession no. YP_009724392.1) obtained from Wu-
han, China. We also derived all the unique amino acid sub-
stitutions at the N-terminal domain (NTD), Transmembrane
domain (TMD), and C-terminal domain (CTD) separately.

2.4. Molecular Docking

2.4.1. Building the Structures of the Wild-type and Mutant
E-protein

We have used the same model of the wild-type E-protein
(which was built in our previous work), [9] where the amino
acid residues spanned the region between 8 to 65, encom-
passing the transmembrane hydrophobic region of the E-
protein, and were involved in its oligomerization to make a
viable and active pentameric structure necessary for exerting
its activity in the host cell. We considered the mutations
within the aforementioned region only, as they will only af-
fect the function of the E-protein to form the active pen-
tameric structure.

We developed an in-house Python pipeline for analyzing
sequence features in order to find out the mutations present
within the E-protein. The mutants of the E-protein were built
using this pre-optimized structure of E-protein in Discovery
Studio 2.5 (DS2.5) using the ‘Build Mutant’ protocol. The
mutated structures were subsequently energy minimized in
DS2.5 using the steepest descent algorithm, followed by the
conjugate gradient algorithm until the RMS gradient reached
0.001kcal / mole. The energy minimization was done using
the CHARMm force field (inbuilt in DS2.5). We used
GBSW implicit solvent model for energy minimization [47].

2.4.2. Building of the Structures of the Ligands

We used the SMILES information of the ligands to pre-
pare their 3D structures and optimized the structures, main-
taining the physiological pH (7.35-7.45) using DS2.5.

2.4.3. Virtual Screening of Ligands

We made a library of ligands, which was used to perform
virtual screening with the help of AutoDock Vina [48]. We
performed the virtual screening of the selected set of ligands
with wild-type E-protein and all the unique mutants of E-
protein, which we have built.

3. RESULTS

3.1. Drug-gene Pairs Act as Potential Players During Dif-
ferent Stages of the Disease Progression

3.1.1. Gene Expression Data Analysis Corresponding to the
Patient’s Swab, Blood, and Lung Samples

The pathophysiology of COVID infection ranges from
asymptomatic condition to severe reaction and death. The
host response to SARS-CoV-2 infection is different among
asymptomatic, mild-moderate, to severe cases. Hence it is

Ghosh et al.

important to look into the gene expression changes corre-
sponding to the clinical samples from covid patients, which
are expected to bear the reflection of the pathophysiology of
such infection.

We have analyzed the bulk transcriptomic data from
NCBI GEO of individuals with asymptomatic (whole blood),
untreated mild to moderate (NP Swab and PBMC), and se-
vere (PBMC) symptoms as well as deceased patients (Lung)
post-treatment. The control dataset was of healthy volunteers
or patients with negative COVID outcomes. It is important to
mention that among all the samples, lung samples corre-
sponded to patients who had received medication (which
includes Azithromycin, Atorvastatin, Cefepime, Ceftriaxone,
Hydroxychloroquine and Vancomycin) [36]. Also, all these
patients suffered from co-morbidity. Hence, the gene expres-
sion data of treated samples should reflect a different story as
compared to those of untreated infected lung samples. Alt-
hough it is possible that some patients benefited from the
treatment, they still did not survive because of the severity of
their condition, and the treatment was not effective in all
cases. Hence, the expression of certain crucial genes could
not be reversed despite medication, and these genes would
be interesting to work on. The Whole Blood dataset was
from asymptomatic individuals[38], while Swab and PBMC
samples were from Day 0 hospitalized patients with mild to
severe symptoms [37, 39]. Hence, a similar pattern of gene
regulation was not expected in all these clinical conditions.
We grouped our DE datasets based on (i) Asymptomatic
(WB), (ii) Hospitalized (Common PBMC and Swab DE
genes), and (iii) Deceased (Lung) condition (as given in Ta-
ble 2). The number of DE genes for the 6 datasets are pro-
vided in Table 3.

Table 3. Differentially regulated genes across various COVID
patient-specific samples.
Grouping Datasets UP DOWN
ASYMPTOMATIC Whole Blood 3443 2013
Swab Old 2678 1639
Swab Young 2040 963
HOSPITALIZED
PBMC
. 1173 2752
Mild/Moderate
PBMC
DECEASED 1350 2407
Severe

3.1.2. The Potential Set of Selected Drugs Targets Effective
in All Stages of Disease Progression

There remains a need to identify potential drugs which
could benefit patients regardless of the stage of the disease
progression as well as the degree of severity of the disease
symptoms. Hence, it is necessary to select those drugs that
would correspond to the genes across all the stages of the
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No. of drug targets detected for
Differentially Expressed genes
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Fig. (2). Flow chart describing screening criteria of drugs. (4 higher resolution / colour version of this figure is available in the electronic

copy of the article).

disease. Our analysis detected 5973, 368 and 6234 drugs
from the three groups, respectively, with 275 common drugs
among them.

Among them, we considered only FDA-approved drugs
and nutraceuticals, which reduced the number of drugs to
109, followed by other filtration criteria like mode of action,
severity of side effects, drug structure, and size for maxi-
mum binding efficiency. Lastly, the functions of their corre-
sponding genes were checked in the literature for possible
involvement in COVID pathophysiology. A detailed flow
chart for the entire screening process is provided in Fig. (2).
Finally, a selected list of 12 drugs (shown in Fig. 2) was con-
sidered for molecular docking.

3.2. Sequence Conservation and Mutation of SARS-CoV-
2 E-protein at Amino Acid Level

In light of the rapidly changing nature of the virus in the
form of mutation, it is a matter of concern that the selected
set of drugs would bind as efficiently to any mutated form of
the same protein. Hence, it is important to find out the muta-
tions in E-protein in the form of amino acid substitution and

confirm whether these substitutions would largely impact the
structure of the E-protein and interfere with the activity of
the selected drugs.

A comparison of the amino acid sequences of the struc-
tural proteins of SARS-CoV-2 strains collected from various
geographical locations revealed around 90% conservation of
E-protein sequences. This is the highest level of conservation
among any structural proteins, followed by M (50%), while
N and S proteins account for less than 5% of sequence con-
servations in them. There were a total of 4,91,600 amino
acid sequences of E-proteins in NCBI till 18™ January 2022.
However, after the removal of partial sequences (41,740 in
number) from it, 280 unique amino acid sequences corre-
sponding to E-protein could be retrieved for our analysis. We
compared the 280 unique amino acid sequences with the
reference sequence of SARS-CoV-2 (bearing the ID:
YP _009724392.1), which is the one obtained from Wuhan,
China. A summary of sequence conservation and mutations
is provided in Table 4.
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Table 4. Summary of sequence conservation and mutations of
Envelope (E) protein.
No of Envelope (E) protein Sequences 491600
No. of full-length Sequences 449860
No. of WT protein sequences 403572
No. of Mutations 46288
Percentage of mutation 10.28
No of Unique mutations 280
No. of mutations at 15-37™ position (core region 2403
of E protein)
Percentage of mutation within the core region 0.5
Unique no. of mutations within the core region 59

On deeper probing, we detected 25, 94, and 129 unique
mutations in the N-terminal, Transmembrane and C-terminal
domains of the E-protein, respectively. In our previous work,
we targeted the region of E-protein spanning the amino acid
residues 15 to 37 since this region forms the scaffold to build
the active pentameric structure of the E-protein necessary for
the functionality of the virus. Here, we used the same model
of the E-protein (which was built in our previous work [9]),
where the amino acid residues spanned the region between 8
to 65. We eliminated those mutations outside the aforemen-
tioned region, as they will not affect the function of the E-
protein to form the active pentameric structure.

Our analysis revealed that less than 1% of the global viral
strains bear a mutation in this zone of interest. We concen-
trated on the mutations present in this region with a mutation
frequency of 1% or more based on previous reports [49].
Details of the mutations present within the entire E-protein
of SARS-CoV-2 from different parts of the world, along
with their mutational frequencies (>1%), are presented in
Table 5. From Table 5, it was observed that there were two
amino acid residues, Leu21 and Thr30, which lie within the
zone of interest with the desired mutational frequencies for
our analysis. They were (i) L21P with a mutational frequen-
cy of 3.78%, (ii) L21V with a mutational frequency of
2.10%, and (iii) T30I with a mutational frequency of 2.52%.
We finally selected 11 unique mutations present within our
region of interest for further analysis, as presented in Table
6.

3.3. Molecular Docking-based Virtual Screening

We calculated the binding interactions of the 12 ligands
with the wild-type and mutant E-proteins and the energy
profile of the interactions. Based on the interaction score (as
shown in Table 7) and zone of binding, 8 FDA-approved
drugs were finally selected. The detailed binding interactions
of all the ligands with the wild-type E-protein are provided
in Supplementary File SF2.

Ghosh et al.

Table 5. Details of the mutations present in the SARS-CoV-2
E-protein from different parts of the world, along
with their mutational frequencies (>1%).

Residue Mutation Mutation Mutation Fre-
Number Occurrence quency (%)
9 9:Thr->Ile 6 2.52%

21 21:Leu->Phe 9 3.78%
21 21:Leu->Val 5 2.10%
30 30:Thr->Ile 6 2.52%
50 50:Ser->Gly 3 1.26%
55 55:Ser->Phe 5 2.10%
62 62:Val->Phe 5 2.10%
68 68:Ser->Phe 6 2.52%
71 71:Pro->Leu 6 2.52%
71 71:Pro->Ser 5 2.10%
72 72:Asp->Gly 3 1.26%
73 73:Leu->Phe 9 3.78%

Note: Different residues from the zone of interest (spanning the amino acid residues 15
to 37) are marked in bold.

Table 6. Details of the selected mutations spanning amino
acids residues of E-protein from 8 to 65.
Sequence_ID Mutations

QWU54674.1 L21F
QWO17723.1 L21F, V62F
QWF08470.1 L21F, V58F
QVL74519.1 L21F, T9I
QUX04199.1 L21F, S50G
QUP12063.1 L21F, V141
QWS07306.1 T30I
QUQ61256.1 T30I, T9I
QTQ59159.1 T30I, S55F
QWU56593.1 L21V
QVKS81428.1 L21V, T9I

Artenimol: This is the only ligand that could target the
Asnl5 of the E-protein. The presence of a hydroxyl group in
the ligand could favour the formation of polar interactions
with the side chain of Asnl5. The structure of the ligand is
such that it could fit into the cavity of the E-protein, where it
is able to interact with other polar and non-polar amino acids
like Glu8, Thrl1, Leul2, Vall4 etc.

Fostamatinib: This is the only ligand that could target the
Val25 of the E-protein. The presence of a long hydrophobic
carbon backbone in the ligand could favour the formation of
non-polar binding interactions with the side chain of Val25.
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Table 7. Binding scores of the selected 8 drugs with the wild type and the mutant E-protein models.

v T gz [t o T T T Taan Ty | oo
ARTENIMOL -5.3 -5.3 -5.3 -5.3 -5.5 -5.3 -5.3 -5.3 -5.3 -5.3 -5.3 -5.3
BENAZEPRIL -5.4 -5.4 -5.5 -4.9 -5.2 -5.3 -5.4 -5.5 -4.9 -4.9 -5.4 -5.1
BUDESONIDE -5.6 -5.4 -5.6 -5.6 -5.4 -5.6 -5.6 -5.2 -5.4 -5.6 -5.6 -5.6

FOSTAMATINIB -5.5 -5.6 -5.6 -5.2 -6.3 -5.4 -5.3 -5.8 -5.2 -5.2 -5.6 -5.3
METHYLPREDNISOLONE -5.8 -5.7 -5.8 -5.8 -5.7 -5.9 -5.8 -5.8 -5.8 -5.8 -5.7 -5.6
MINOCYCLINE -5.8 -5.4 -5.8 -5.8 -5.8 -5.8 -5.8 -5.7 -5.7 -5.5 -5.4 -5.5
NICLOSAMIDE -5.2 -5.2 -5.1 -5.2 -5.3 -5.2 -5.1 -5.2 -5 -5 -5 -5
PROGESTERONE -6.2 -6.2 -6.2 -6 -6.1 -6.2 -6.2 -6.3 -6.2 -6 -6.1 -6
ADEMETIONINE -4.7 -4.8 -4.2 -4.1 -4.2 -4.8 -4.2 -3.9 -4.7 -4.6 -4.3 -4.3
ZIDOVUDINE -4.3 -4.3 -4.3 -4.5 -4.9 -4.5 -4.5 -4.3 -4.3 -4.2 -4.3 -4.5
CARVEDILOL -5.3 -4.9 -5.1 -5.5 -4.8 -5.2 -4.9 -5.2 -5.6 -5.5 -5.2 -5.5
CEFDINIR -5 -4.9 -5 -4.9 -5.1 -5 -5 -5 -4.9 -5 -4.9 -5

The presence of the long hydrophobic carbon skeleton in the
molecule would make it a good candidate to bind with the
hydrophobic core of the E-protein, like Leul8, Leul9,
Leu2l, Phe23 etc.

Progesterone: The structure of Progesterone is appropri-
ate to fit inside a hydrophobic cavity. There are a couple of
cyclic rings in Progesterone, which allow it to be stacked
onto the hydrophobic amino acid residues present in the core
of the E-protein. This would be conducive for the ligand to
fit into the hydrophobic cavity of the E-protein. The presence
of polar carbonyl groups would help the ligand to form suit-
able polar interactions with the side chain of Thr 30 as well
as the main chains of the other amino acid residues present
in the core of the E-protein. Such polar binding interactions
would help to neutralize the charges associated with the po-
lar carbonyl groups present in the ligand. This would make
the ligand a good candidate to bind with the E-protein. The
ligand was found to have strong binding interactions with the
mutants like Thr30Ile. The conversion of polar Thr to non-
polar Ile would create a more hydrophobic environment in
the core of the E-protein. This would allow the hydrophobic
backbone of the ligand to bind strongly.

Benazepril: This ligand has aromatic rings in its back-
bone as well as polar groups. Therefore, this ligand is able to
make strong interactions with aromatic amino acid residues
like Phe20, Phe23, and Phe26 in the core of the E-protein.
Due to this, the ligand has a good binding affinity towards
the mutant Thr30lle, as the conversion of polar Thr to non-
polar Ile makes the core of the E-protein conducive to bind-
ing with the non-polar backbone of the ligand.

Budesonide, Methylprednisolone, and Minocycline: The-
se ligands have hydrophobic cores bound with many polar
groups. The ligands were found to be interacting with non-

polar amino acid residues present at the core of E-protein.
The polar groups present in the ligand were found to be in-
teracting with the polar peptide linkages.

Niclosamide: This ligand has many charged groups like
CI', -NO,,—CONH bound to aromatic rings. It has binding
interactions with aromatic amino acid residues present at the
core of the E-protein.

4. DISCUSSION

The basic aim of our work was to disrupt the formation
of the active pentameric E-protein by suitable ligands, and
the selected ligands would be able to do so by interacting
with the E-protein in such a way that the viable E-protein
pentamer is not generated. The interaction between the lig-
ands and the E-protein occurs mainly through hydrophobic
stacking. Such interactions are mediated through the hydro-
phobic backbones of the ligands. The ligands tend to organ-
ize themselves properly onto the part of the E-protein which
is responsible for creating the hydrophobic scaffolding nec-
essary to create the active pentameric structure of the E-
protein.

We tested the efficiency of the FDA-approved drugs
against mutated E-protein and checked the corresponding
drug-gene interactions, which revealed a set of 8 drugs that
can be effective for a wider spectrum of COVID patients
with asymptomatic to severe symptoms. This set of drugs
had high interaction score with the wild type as well as mu-
tant E-proteins (Table 7). Drug-gene target details for these
selected drugs are summarized in Table 8. Further, Fig. (3)
shows the important modes of action of these drugs during
different stages of the viral life cycle. Detailed information
regarding the COVID-specific functions of these targeted
genes is provided in Supplementary document S1.
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Fig. (3). Schematic diagram depicting the important modes of action of the selected set of drugs during the viral lifecycle. (4 higher resolu-

tion / colour version of this figure is available in the electronic copy of the arti

cle).

Table 8. Drug-gene target interaction for the selectedset of drugs.
Drug Drug Function Condition Gene Gene Gene Functions Relevant to COVID Scenario Drug Action on
Status Name Genes
ACTGI1 Actin ACTG1 regulates Cell motility. High serum
levels reported in COVID-19 patients.
A pro-inflammatory receptor and Ca**-dependent
ANAX?2 lipid raft binding protein. Facilitates SARS Cov
entry, cytokine storm, and thrombosis.
up A molecular chaperone. Higher expression was
Anti-malarial drug. | Asymptomatic CCT3 | observed in the transfection group of SARS-CoV-2
Known for its anti- N-protein.
1nﬂarr.1mat0ry activity This Dead Box helix plays a dual role by augment-
and is considered a . . L .
. DDXS5 ing viral RNA transcription and suppressing the
potential repurposed innate immune response
COVID-19 drug. It ponse. Ligand
Artenimol not only prevents RPL10 Enhance viral translation.
cytokine storm by
reducing the level of MAP4 Cleavable target by the poliovirus 3CLpro protein-
inflammatory cyto- Hospitalized uUP ase in HeLa cells.
kines but also inter- o
f; I;ZZ wl;t}? tiloe lvni:arl ACE2 co-receptor that facilitates SARS-CoV-2
replication cvele MYH9 | infection by interacting with the S2 subunit and the
P Y SI-NTD subunit.
post-entry.
Stress protein that induces the expression of pro-
UP HSPBI | . . ;
inflammatory cytokines like IL6, IL8, and COX2.
Deceased VIM An intermediate filament protein. A crucial factor
for Spike protein-mediated viral entry.
Key regulator of anti-oxidant mechanisms activat- .
DOWN | NFE2L2 ed by Artenimol for transcriptional Activity. Agonist

(Table 8) Contd...
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Drug Drug Function Condition Gene Gene Gene Functions Relevant to COVID Scenario Drug Action on
Status Name Genes
A prodrug used in the Beta-2-adrenergic receptors were observed to be
treatment of hyper- ARDB?2 | significantly elevated, with polymorphisms in the
tension along with gene contributing to asthma severity.
congestive heart and | 5 tomati P ) -
chronic kidney Symptomatic U MTHFR polymorphlsm.has been linked to
Benazepril failure. In the liver, MTHFR CQVID-related m(?nahty, and MTHFR- . Regulator
Benazepril is con- synthesized homocystelnFt can lead to -thromb0s1s
L . and eventual D-dimer production.
verted into its active
form, benazeprilat, a Hospitalized . .
potent ACE enzyme P DOWN PRCP Reduced PRCP levels resulted ina prothrombic
inhibitor. Deceased state and elevated production of ROS.
Glucocorticoid receptor NR3C1 expression is Agonist with
Asymptomatic in mi
ymp DOWN | NR3CI dfourzid- to be up{eg;lated ;n m1-1d6r cafszs(i)\l;;D ) conﬁrr;led. l
A glucocorticoid Deceased reduced in severely diseased patients o - | pharmacologica
used in the treatment 19. action
Budenoside of allergies, asthma, Encode a membrane-localized protein that inhibits
hay fever andhCOPD, Hospitalized phospholipase A2 and exerts anti-inflammatory
among others. DOWN | ANXALI action, and plays an effective role in i
Deceased glucocorticoid-mediated innate immune Agonist
response.
Elevated Tyrosine Kinase ITK is associated with
ITK1 SARS-related lymphopenia and pro-inflammatory
cytokine production.
Janus Kinasel,2 and 3 of the protein tyrosine
JAK1, kinase family are involved in pro-inflammatory
JAK2, cytokine production, and JAK inhibitors are
JAK3 suggested to be promising candidates in COVID Inhibitor
treatment.
Asymptomatic Up MAP3K2. | Acts as a hub of inflammatory signalling, has been
’ suggested as a beneficial approach in COVID
MTOR treatment.
A spleen tyrosine PI4KB Plays‘ an importanF role Spike pr(?tein-m-ediated
. o viral entry during or before viral fusion.
kinase inhibitor used
in the treatment of A non-receptor type protein kinase that can Inhibitor with
Immune Thrombocy- modulate fc receptor signalling and immune confirmed
. SYK . . . .
topenic Purpura and complex-mediated inflammation. Also found to | pharmacological
o Rheumatoid Arthri- have high expression levels in COVID-19 patients. action
Fostamatinib tis. Recently, Fosta- ] - - ]
matinib has gained NEK4 Associated -w1th ARDS-related Epdothehal ba-rrler
importance as a dysfunction (EBD), inflammation and sepsis.
repurposed COVID- | pogpitalized UP SYK As discussed before. Inhibitor
19 drug for its poten-
tial tf) combaF acute JAK2, As discussed before.
respiratory distress JAK3
syndrome (ARDS) . . . .
Involved in multiple signalling pathways and
BTK induce the production of pro-inflammatory
cytokines.
A lysosomal cysteine protease is essential for the
CTSL . .
functional cleavage of S protein and host entry.
. . Inhibit
Deceased UP Higher expression of the soluble form of VEGFR fubrtor
family gene FLT1 was reported in COVID19
FTL1 . .
associated pneumonia compared to healthy
controls.
Inhibition of MYLK genes resulted in a dose-
MYLK | dependent reduction of SARS-CoV-2 titers and has

been linked to ARDS.

(Table 8) Contd...
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Drug Drug Function Condition Gene Gene Gene Functions Relevant to COVID Scenario Drug Action on
Status Name Genes
Asymptomatic UP IL2RA Immune activation markers also reported in Inhibitor
ymp COVID-related complications.
A glucocorticoid Immune activation markers also re i
’ ! ported in i
prescribed for its up IL2RG COVID-related complications. Inhibitor
anti-inflammatory - -
effects. There have Hospitalized Agonist with
been reports of DOWN | ANXAI As discussed before. conﬁrmeq
. pharmacological
methylprednisolone action
Methylprednisolone in the successful
treatment of Elevated serum levels of CXCL10 have been
COVID19 associated CXCL10 | reported to be positively correlated with disease
pneumonia in a UP severity and increased mortality risk. Inhibitor
patient with long- Deceased .
term immunosup- MYC MYC ‘regulates adaptive immune response by
pression. inducing T cells generation upon viral entry.
ANXAL, . .
DOWN NR3CI As discussed before. Agonist
Asymptomatic UP ILIB IL1B has been reported to 1n§uce cytokine storm in Inhibitor
COVID patients.
: ORF6 of SARS-CoV-2 induces apoptosis via .
Asymptomatic -
. Y p . 8] CASP3 | Caspase-3 mediated pathways, and Caspase inhibi- Negative modu
A second-generation | Hospitalized tor reportedly blocked ORF6 induced apoptosis fator
Mi i antibiotic with broad- p Y pop :
inocycline ci
Y spectrum activity. A potential vascular permeability factor, VEGF
induces vascular leakiness leading to inflamma-
Desceased Up VEGFA | tion, plasma extravasation, and pulmonary edema. Inhibitor
Hypoxia-induced elevated VEGF expression via
HIF1 in COVID-19 disease.
Asymptomatic Up MTOR As discussed earlier. Inhibitor
STAT-3 is known to induce an unbalanced anti-
Asymptomatic viral immur?e response via Th17-, Thl-, Treg-, ar?d o
L 8] STAT3 | B cell-mediated pathways. It can cause the polari- Inhibitor
Hospitalized - .
An anti-helminthic zation of M2 macrophage, cytokine storm, throm-
Niclosamide drug used to treat bosis (along with PAI-1) and lung fibrosis.
tapeworm infections. HIF1A has reported dysregulated expression in
Asymptomatic i i -i
ymp UP HIF1A COVID patle‘nts Wlth a p-ro 1nﬂamrpatf)ry response Inhibitor
Deceased and associated with high mortality in elderly
patients.
Deceased DOWN | NFE2L2 As discussed earlier. Agonist
An RNA binding protein that holds the potential to
facilitate the translation of viral proteins and
. effective viral propagation. C241T, a possible _
A tomat P TARDBP ’ Inhibit
Sympromatic v 5’UTR mutation derived from sequence analysis, fbror
creates a TARDBP1 binding site in the 5’UTR of
SARS-CoV.
An endogenous Hospitalized | DOWN | NME2 Master suppressor of metastasis. Agonist
steroid with multiple ;
functions involving NFE2L2 AS discussed before.
Progesterone conFraception, ovula- NR3C1 As discussed before.
tion, pregnancy
support and uterine Major glucose transporter and member of the
bleeding control, solute carrier family have reports of being down-
among others. SLC2A1 | regulated in deceased COVID-19 patients with co- )
Deceased DOWN | (GLUTI) morbidity but not in mild or severely affected Agonist
patients who survived, hinting at altered pH regula-
tion and cellular ion handling.
A cofactor for anticoagulant protease can activate
PROS1 the TAM family of receptor tyrosine kinases
(RTKs).
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CONCLUSION

We analysed the gene expression dataset of COVID-19
patients where the samples were taken from swabs, blood
and lungs, and the condition of the patients was asymptomat-
ic, untreated, hospitalized, and even treated deceased one.
Further, we checked drug-gene interaction to see the effect
of these drugs at different stages of the infection. Interesting-
ly, the drug-gene interaction search for the set of genes
across the wide spectrum of clinical samples(with respect to
controls) taken from COVID-19 patients (specific to differ-
ent stages of infection) revealed a novel set of drugs that can
be effective in terms of their actions.

Among these, Minocycline, has already been shown to inter-
act with important genes responsible for COVID-19 patho-
genicity [50]. The TMD region of the E protein plays a very
important role in forming the pentameric ion channel capa-
bilities regulating the virulence of SARS-CoV-2. Mutation
within this region spanning between 15 and 25 residues of E
protein, disrupts homopentameric structure formation [51].
Interestingly, 2 of the drugs, Artenimol and Fostamatinib,
were found to be interacting with the amino acid residues
present at the 15™ and 25™ positions of E-protein and are
expected to block the virulent activity of the virus. One of
the drugs, Progesterone which is a predominantly female
hormone, has achieved the highest docking score against the
E protein and is very much hydrophobic in nature. It has
been reported that COVID-19 affects more male individuals
as compared to females [52]. The presence of high levels of
Progesterone hormone in females might be one of the rea-
sons for this. Niclosamide, with its hydrophobic nature, re-
mains tightly coupled at the TMD domain of E protein,
which goes well with that reported by Baitha et al. [53] re-
garding the utilization of Niclosamide in treating COVID-19
patients.

In order to make our analysis robust, we have considered
RNAseq data from a wide spectrum of patient samples
which include swab, blood and lungs, where the condition of
the patients vary between asymptomatic, untreated hospital-
ized and even treated deceased one. The versatility of this
wide range of samples brings in both advantages and limita-
tions within our analysis.

As per the advantage is concerned, the set of differential-
ly expressed genes obtained from various patients makes our
dataset robust, which allows us to identify the gene set asso-
ciated with COVID-19 pathogenicity across diverse samples.
On the contrary, we have not been able to consider the effect
of age group, sex, ethnicity or past clinical history of the
patients in the analysis due to the scarcity of data with such
information. The availability of patient-specific gene expres-
sion datasets with such detailed information will help to
strengthen our findings in the future.

Overall, the selection of drugs based on gene expression
changes as well as docking score strengthens our prediction
and also provides a magnified view of the effect of these
drugs based on disease progression. Further, the efficiency of
these drugs against the mutated E-protein increases another
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level of confidence to fight against this rapidly changing
deadly RNA virus. It is, henceforth, important to validate the
action of these drugs in clinical settings so as to keep our-
selves prepared to fight against the deadly variants of
COVID-19.
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