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Abstract

Intronic mMiRNAs are human miRNA genes that sit within the intronic regions of protein-
coding host genes and influence their hosts’ function either antagonistically or
synergistically. However, previous research has shown that the co-expression of
intronic MiRNAs and their related host genes is required to keep the biological system
resilient and to elucidate their functional relationship. In this study, through processing
the raw gene expression data of the whole transcriptome sequencing in human
cervical adenocarcinoma and normal cervical tissues from the GEO database
(GSE145372), we identified the deregulated miRs and deregulated genes in cervical
cancer patients. Among them we found 22 DE intronic miRNAs along with their
associated DE host genes. We selected the DE intronic miRNA hsa-mir-2355 and its
DE transcription factor-encoding host gene KLF7 as they are associated with
prognosis in cervical cancer patients. Besides, the selected gene pair play roles in the
several immune signaling pathways such as IGF1 pathway, IFN-gamma pathway,
TRAIL signalling pathway, and S1P1 pathway etc. Furthermore, we identified a total
of 227 common targets of KLF7 and hsa-mir-2355, and among them 25 genes were
significantly associated with cervical cancer patient survival. Then to shed insights
onto the oncoimmunology, we further selected four genes namely AGT12, KRAS,
PRKAR1 and REL that can play synergetic or antagonistic role in the immunology.
While searching for the correlation between the expression of these genes with
immune infiltration in cervical cancer, we observed that expression of REL has
significant association of recruiting CD4+ T-cells in the tumor microenvironment which
evidently supports the prevalence of observed CD4+ T-cells amongst the tumor cells
in the analysed expression data of the cervical cancer patients. All these results imply

that intronic microRNAs have a regulatory influence on the transcriptor factor encoding

Vi



host genes, thereby promoting cancer spreading or assisting in tumor destruction in
the tumor microenvironment.The result identified through these approaches might be

used as potential candidates for cancer diagnosis and therapy.

Keywords: MiRNAs, Intronic miRNAs, Transcription factor, Immune infiltration,
Cervical cancer.
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Chapter 1
Introduction

In recent years, cancer has been a significant cause of death for humans. Cervical
cancer is the fourth most common form of cancer in women. It mostly affects the cells
of the cervix, which is the lower portion of the uterus that leads to the vagina. The
majority of cases arise in less developed countries where adequate screening
programs are not available [1]. Cervical cancer screening, based on indirect data,
could minimize the incidence and mortality of invasive cervical cancer by
approximately 90% [2]. In recent years, there has been a surge of interest among
researchers in the function of microRNA (miRNA) in both normal and disease
processes. Due to the difficulty of identifying genuinely expressed miRNAs from
random hairpin secondary structure sequences in genomic DNA, it is advantageous
to predict them using expressed sequences such as expressed sequence tags (ESTS)
and intronic sequences [3]. Upon analysis, it is discovered that 25% of known human
MiRNAs reside in intronic regions of known protein-coding genes, with approximately
50% of these intronic miRNAs located in introns longer than 5,000 base pairs. It is
possible that these intronic miRNAs have their own independently regulated
transcription units that are regulated by either RNA polymerase Il (Pol II) or RNA

polymerase Il (Pol 1) (Pol III) [4].

MicroRNAs (miRNAs) are tiny non-coding RNAs that play a significant role in the
formation and progression of a variety of cancer forms by controlling the expression
of their targets. They are small non-coding regions of 20-22 nucleotides in RNAs that
are involved in any biological pathway in multicellular organisms, including humans[5].

Numerous studies suggest that more than half of miRNA genes are found in regions



of the genome associated with cancer or in vulnerable sites[6]. While the vast majority
of published research focuses on a single mRNA target, the majority of miRNAs exert
their effects by targeting several mMRNAs, some of which may be located in the same

cellular pathway [5].

On the other hand intronic miRNAs are those which are capable of interfering with the
expression of other genes. About 82 percent of miRNA genes are located in intronic
areas. But for the 6% of mixed miRNAs, the percentages of intronic and exonic
MiRNAs are 87% and 13%, respectively [7]. Intronic miRNAs are thought to be
processed from their host transcription units' introns, and thus share regulatory
mechanisms and expression patterns with their host gene [8]. However, intronic
mMiRNAs and their host genes may regulate independently, the intronic miRNA may
still be able to down-regulate its own host protein-coding gene by targeting the host
gene's untranslated region (UTR) [4]. It is possible that these intronic miIRNAs are
transcribed from distinct transcription units with separate promoters from their host
genes [8]. Additionally, intronic miRNAs can play a critical role as negative feedback

regulators [4].

MicroRNAs have the ability to control a wide range of biological and pathological
mechanisms such as cell cycle, differentiation, proliferation, apoptosis, stress
tolerance, energy metabolism, and immune response, including the formation and
development of cancer [9]. It has been reported that miRNAs regulate about 30% of
human genes and half of these genes are tumor related or found in fragile locations
where some act as tumor genes and others as tumor suppressor genes interestingly
some may act as both [9].Additionally, epigenetic therapy stimulates miRNAs not only
directly from their own promoters, but also intronic miRNAs in conjunction with their

host genes, indicating epigenetic therapy's anticancer impact [10]. We intended to
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determine whether intronic RNAs have a role in oncogenesis in this research work
using RNA sequencing data from GSE145372 and TCGA CESC. Essentially, we want
to underline that because microRNAs are intronic in nature, they have an influence on
their target genes, which results in oncogenesis. The role of miRNA in cervical cancers
are observed where miR-200a and miR-9 are seen to be the vital regulators of cervical
cancer control as they alter the metastatic potential of cervical cancer cells by co-

suppressing numerous genes involved in cell motility [11].

Dendritic cells are crucial for eliciting innate and adaptive cellular immune responses
against HPV-associated cervical cancers, which can be avoided or treated by inducing
virus-specific immune responses in patients [12]. Cytokines produced by immune
system cells, as well as tumor cells, appear to act by influencing the host immune
system, resulting in an immunosuppressive response rather than an efficient
protective immunological response, hence contributing to the tumor's development
and development [13]. The purpose of this study was to determine whether intronic
microRNAs have a role in the tumorigenic pathway by altering their host gene targets.
Additionally, whether those intronic microRNAs are abundantly expressed in
practically all samples and are controlled in such a way that they are connected with
the overall survival of CESC patients or not. Subsequently, to delineate the
relationship between the common targets of intronic miRNA and transcription factor-
encoded host genes and immune infiltrating cells in cervical cancers in order to gain
a better understanding of the extent of immune infiltration and whether these genes
are guiding cancer metastasis or assisting in tumor destruction in the tumor

microenvironment.



1.1 miRNAs
The miRNA or microRNA is a short non-coding RNA molecule with approximately 22

nucleotides. The primary function of this enzyme is to silence RNA and to regulate
gene expression post-transcriptionally [14], which they accomplish by base-pairing
with complementary sequences contained within messenger RNA molecules [15]. As
a result, these mRNA molecules are silenced via strand cleavage; instability of the
MRNA via shortening its poly(A) tail; and less efficient translation of the mRNA into
proteins by ribosomes occur [15, 16]. They are structurally similar to small interfering
RNAs (siRNASs) in the RNA interference (RNAI) pathway, except that miRNAs originate
from portions of RNA transcripts that fold back on themselves to form short hairpins,
whereas siRNAs originate from longer double-stranded RNA sections [17]. The
mMiRNA strand's directionality defines the identification of the mature miRNA form. The
5p strand derives from the pre-miRNA hairpin's 5’ end, while the 3p strand comes from

the 3' end [18].
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Over 1917 annotated hairpin precursors and 2654 mature sequences may be found
in the human genome [20]. They are abundant as extracellular circulating miRNAs in
a variety of mammalian cell types [21] which are released into bodily fluids such as
blood and cerebrospinal fluid and may serve as biomarkers for a variety of disorders.
Numerous miRNAs are evolutionary conserved, implying that they perform crucial
biological activities [22]. Enhancing the precision of biogenesis, for example, to
maximize targeting specificity [14]. Oncogenic miRNAs and oncosuppressor miRNAs
are two classes of dysregulated miRNAs. Both categories of miRNAs have been
shown to correlate with a variety of biological processes in CC, including invasion and
metastasis, implying that miRNAs may serve as a set of potential biomarkers for the

diagnosis and treatment of metastatic CC using molecule-targeted therapy [23].

1.2 Intronic miRNAs

DNA sequences are characterized as exons or introns according to their ability to
translate genes. After transcription, the introns are spliced out of the mRNA because
they do not contribute to protein synthesis. However, introns include up to 40% of
miRNA genes [24]. To date, bioinformatic techniques have found over 90 intronic
mMiRNAs, however the function of the great majority of these molecules has yet to be
defined [25]. Typically, they are present in a sense orientation and are controlled in

association with their host genes [7, 26, 27].

Intergenic MiIRNAs are known to be transcribed independently of their host
transcription units, but intronic miRNAs are expected to be processed from their host
transcription units' introns and hence share common regulatory mechanisms and

expression patterns with their host gene [8]. However, an intronic miRNA can mute



genes that are functionally antagonistic to the host gene product, so establishing a

positive feedback loop that benefits the host gene's physiological function [28].
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Figure 2: MiRNA categorization.

1.3 Biogenesis of intronic miRNAs

Intronic mIRNA are generated from an mRNA sequence's intron regions. Two distinct
ways for processing intronic miRNAs from the host gene primary transcript have been
reported [29]. In one case, Drosha-mediated processing happens following integration
of the transcript into the spliceosome complex but prior to intron excision.
Colocalization of primary miRNAs (pri-miRNAs) and Drosha at transcription sites, as
well as pri-miRNA concentration in the nuclear chromatin fraction, enables
simultaneous transcription and processing of miRNA sequences [7, 30, 31]. Following
Drosha cleavage, Exportin-5 exports precursor miRNA (pre-miRNA) sequences to the
cytoplasm [23, 24], where they are processed by Dicer into mature miRNAs and
integrated into the RNA-induced silencing complex (RISC) [32]. According to other
research, intronic miRNAs located in short introns (Mirtrons), are exported straight to

the cytoplasm following splicing and Dicer cleavage [24]. Thus, Mirtrons circumvent



the first Drosha/DGCRS8 processing [33]. Those mirtrons, are highly co-expressed with

their host genes [29]. According to bioinformatics research, over 20% of intronic

MiRNAs are projected to target their host genes [34], such as miR-26b, which

regulates neuronal development by suppressing its host transcript, ctdsp2 [35].
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Figure 3: Intronic miRNA biogenesis model. Adapted from [8]

According to the canonical pathway of intronic miRNA production, it is expected that

the expression of intronic miRNAs will coincide with the expression of their respective

host genes [8]. Drosha, the primary nuclear RNase lll-like enzyme in humans, works

in conjunction with its cofactor DGCR8 (DiGeorge syndrome critical region gene 8) to

form a microprocessor complex that creates a 70 nt pre-miRNA precursor molecule.

Following Drosha breakage, the receptor protein Exportin 5 exports the pre-miRNA

precursor to the cytoplasm.

In the cytoplasm, another RNase Ill enzyme, Dicer,

transforms the pre-miRNA to a mature miRNA duplex that subsequently targets certain

messenger RNAs for translational inactivation and/or degradation [36].However,Drosha



can control the level of the microprocessor complex by cleaving hairpins in the DGCR8
MRNA's 5-UTR and coding region, thereby destabilizing the mature transcript and

resulting in a decrease in DGCRS8 protein [37].

1.4 Molecular mechanisms of intronic miRNAs mediated gene
expression regulation

Between 50% and 80% of miRNAs are encoded within the introns of host mMRNA
genes, implying that the miRNA biogenesis and pre-mRNA splicing processes are co-
regulated [38]. If co-transcriptional intron breakage occurs between an alternatively
spliced exon and its intronic regulatory components, it can affect alternative splicing.
These findings suggest a requirement for RNA continuity between exons and their
regulatory elements, as well as the critical role of such elements being tethered to the

elongating Pol Il transcription complex during splicing [39].
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As for example, it is well established that intronic transcript cleavage events contribute
to the production of mature mRNA in Saccharomyces cerevisiae. Co-transcriptional
cleavage of intronic dsRNA stem—loop structures by RNAse Il activity can result in the
degradation of unspliced pre-mRNA and lariat introns, hence regulating the amount of
MRNA produced from such transcripts [41]. After miRNA and host gene coexpression,
the miRNA influences its host gene as well as CPSF2. The polyadenylation-complex
is biased towards identification of canonical sites once CPSF2 is removed [42]. The
canonical site that comes before the miRNA binding site is used in the following
transcription cycle. As a result, the intronic miRNA that regulates the host gene is
inhibited [40]. Theoretically, intronic miRNAs attach to cytoplasmic messenger RNA,

depriving it of its ability to express genes. As a result, the gene becomes silent.

1.5 Roles of intronic miRNASs in diseases

MiRNAs play a role in regulating and directing a variety of immunological and cancer
cell interactions, as well as critical immune response mechanisms [43]. Several
immune cell pathways are regulated by miRNAs. By targeting suppressor of cytokine
signaling 1 (SOCS1), which limits proinflammatory responses, and IL-13RA1, which
promotes alternative M2 macrophage polarization, miR-155 can boost classical
macrophage activation [44]. Additionally, MiR-155 modulates the effector actions of
natural killer cells (NK cells). MiR-155 promotes the manufacture of IFN- by activated
NK cells by targeting hematopoietic cell specific 5' inositol phosphatase (SHIP-1), a
significant negative regulator of NK cell effector actions [45]. MiR-155 has the ability
to influence the polarization of CD4+ T cells (Thl vs Th2). Here in this case, by
boosting the levels of its target c-Maf, a powerful transactivator of the IL-4 promoter,

miR-155 promotes the differentiation of CD4+ T cells into Th2 phenotypes, resulting



in increased production of Th2 cytokines IL-4, IL-5, and IL-10 [46]. Thus we can see
mir-155 play an important role also in the regulation of immune cells similar examples
are also seen in cases of some other miRNAs like miR-17-92, miR-18a, miR-19a,

miR-20a etc [47].

Despite the fact that intronic miRNAs and their host genes may be regulated
independently, the intronic miIRNA may still be able to down-regulate its own host
protein-coding gene by targeting the host gene's untranslated region (UTR). Intronic
mMiRNAs could also serve as negative feedback regulators, which has biological

implications [4].

Mir-128-2 is an example of this. Mi et al. (2007) show that the intronic miRNA miR-
128-2 is significantly overexpressed in patients with acute lymphoblastic leukemia
(ALL), but not in individuals with acute myeloid leukemia [48]. The underlying mutation
in 99 percent of people with fragile X syndrome is an increase of the intronic CGG
repeat (rCGG) in the 5-UTR of the FMR1 gene[49].FMR1 encodes FMRP, an RNA-
binding protein that is involved in polyribosome assembly in an RNP-dependent

manner and can limit translation via an RNAI-like route [50].
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Figure 5: Loss of miR-4728-3p expression occurs in breast cancer and correlates with worse patient
overall survival which shows antagonistic function.Adapted from [51].
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Some of the intron-derived miRNA fragments can form mature miRNAs and efficiently
quiet the target genes through the RNAI mechanism after Pol-Il RNA processing and
splicing excision, while the exons of pre-mRNA are ligated together to produce a
mature mMRNA for protein production [52]. Pol-ll-mediated miRNA synthesis can avoid
the harmful effects of dSRNA and siRNA in vitro and in vivo since miRNAs are single-
stranded molecules insensitive to PKR- and 2-5A-induced interferon systems [25].
These suggests that introns in intracellular miRNA synthesis and gene silencing can
be employed as tools for analyzing gene activities and developing gene-specific
therapies for cancer and viral infections [25]. Furthermore, an intronic miRNA can
antagonize the canonical signaling of its host gene indirectly [51]. Thus, based on the
evidence, we may infer that miRNAs play a significant role in tumor growth; miRNAs
are variably expressed according on the molecular subtypes of tumors; and specific

MiRNA expression profiles categorize tumor malignancies [53].

1.6 Rationale

Pathologic and circumstantial dysfunction typically comes from changes in several
intronic microRNASs, and this eventually leads to various disease phenotypes. Recently
the association of the intronic miRNA with various types of tumorigenesis and tumor
suppressor genes. Whether or if the mechanisms used by transcription factors to
regulate gene expression are just as significant as the mechanisms used by introns in
gene regulation are yet to be seen. It is possible that introns contained in intronic
MiRNA are able to activate cell transitions when they sense external stimuli without
the necessity of repetitive protein production. Conversely, it has been shown that non-
coding small RNAs, or miRNAs, have an effect on oncogenes and tumor suppressor
genes. MiRNAs have been implicated and shown to have a role in a variety of

malignancies, including breast, colon, gastric, lung, prostate, and thyroid.
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The fourth most frequent form of cancer in women is cervical cancer. It mostly impacts
the cells of the lower section of the uterus, the cervix, which is situated within the
vagina. The screening of the CESC patients in the less developed countries is not
available whereas this cancer is most prevalent there. Since microRNA are seen to be
mostly associated with various cancers its role in CESC is also prevalent. They play
very important regulatory role in cervical cancer control and affect the metastatic
potential of cervical cancer cells by coordinate suppression of multiple genes

controlling cell motility.

As such, in this study we sought to explore the role of intronic miRNA in association
with their host genes in exerting regulatory control on cervical cancer carcinogenesis.
Additionally, to explicate the correlation between the common targets of intronic
miRNA and transcription factor-encoded host genes with immune infiltrating cells in
cervical cancers in order to gain a better understanding of the level of immune
infiltration and whether these genes are guiding cancer metastasis or assisting in

tumor destruction in the tumor microenvironment.

1.7 Hypothesis:

In this study we have hypothesized that:-

1. Intronic microRNAs have a regulatory effect on their host genes, which are
ultimately responsible for oncogenesis of cervical cancers.

2. If those intronic MIRNAs, as well as their targets, expressed in all samples and
are modulated in such a way that they are linked with CESC patient survival.

3. Intronic miRNA and its associated host gene are associated with immune
infiltration in the tumor microenvironment.

4. Those specific intronic miRNAs can be identified as a possible biomarker.
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1.8 Objectives of the study:

The main objectives of this study are:

I. Determining the differentially regulated miRNAs and genes from the GEO
dataset.
II.  Functional enrichment analysis of the genes to see their association with
different biological pathways and cancer hallmarks.
[ll.  Determining the miRNAs which are intronic in nature.
IV.  Finding out the targets of the intronic miRNA and their host genes
V.  The transcription factors of the DE intronic miRs and host genes are identified.
VI.  Predicting the correlation of the intronic miRs and host genes with patient
survival in CESC.
VII.  Searching for the association of the intronic miRs and their host genes in

immune infiltration in CESC.
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Chapter 2

Methodology

i. Finding out the DE miRs and DE genes:

RNA-seq raw read-count data of the whole transcriptome sequencing in human
cervical adenocarcinoma and normal cervical tissues were obtained from the GEO
database (GSE145372) [54]. For the differential expression (DE) analysis, we used
the Bioconductor package DESeq?2 [55] with R version 4.0.3 [56] with a model based
on the negative binomial distribution. To avoid false positives, we considered only

those log2FC values significant which have a p-value < 0.05.

Then using the ggplot2 [57] and deplyr [58] functions we have visualized the DE miRs
and DE genes in volcano plot where we categorized log2FC value of 0.8 or above as
“‘Upregulated” and log2FC of -0.8 or below as “Downregulated” and the others as
“‘Non DEGs” which has a p value of 0.05 or below. We marked the upregulated,
downregulated and non-significant deregulated genes as red, blue and grey color

respectively.
ii. Identification of the intronic miRNAs and associated host genes

From the identified differentially expressed (DE) genes and miRNAs, we intended to
find out the DE intronic miRNAs and their associated DE host genes. Firstly, to identify
the DE intronic miRNAs, we utilized the intragenic_microRNA_v12 dataset of miRIAD
[59] database. We used venn analysis to compare between our DE miRNAs and the
intronic MiRNAs from the dataset by Venny [60]. From the identified DE intronic

miRNAs, we then compared the host genes with our DE genes following the same
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approach. At the end of this step, we selected once those intronic miRNAs, which are

themselves deregulated and have deregulated host genes.

iii. Detection of intronic miRNAs which have transcription factor (TF) encoding

host genes

We again filtered our list of DE intronic miRNAs by taking only those which have DE
host genes that encode transcription factors. To achieve this, we utilized the human
transcription factor database obtained from “The Human Transcription Factors”

database developed by Lamber et al. (http://humantfs.ccbr.utoronto.ca/cite.php). We then

used Venny tool [60] to compare between this dataset and our targeted DE host genes
to find out the DE host genes which are also transcription factors. We selected only
those DE intronic miRNAs which have DE transcription factor-encoding host genes.
Finally, we selected only those pair of DE intronic miRNAs and DE TF-coding host
genes in which both have associated with significant prognosis in cervical cancers
(CESC) which we elucidated from the survival analysis from GEPIA2 [61] and

UALCAN [62] tools.

iv. Finding out the common targets of the intronic miRNAs and the associated

host genes

To find out the common targets of the intronic miRNA and its associated host gene,
we first identified the targets of the intronic miRNA and host genes using several
different databases to reduce the false positive targets. In order to get the targets of
the intronic miRNA, we utilized three different databases of miRNA targets, namely-

TarBase v8 [63] , TargetScan v7.1 (http://www.targetscan.org), and miRDB [64]. We

took only those targets of the intronic miRNA which have been predicted by at least

two of these three databases. For identifying the targets of host genes, we utilized the
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hTFtarget [65] database and Cistrome data browser [66]. From Cistrome DB, we
downloaded the putative targets of the host genes of Homo sapiens and taking those
predictions only where TF binding peaks have been observed around 5kbp up- and
downstream of the gene transcription start site (TSS). Now from our generated
datasets of targets of the intronic miRNA and the host gene, we used Venny tool [60]
to find out the commonly targeted targets of both intronic miRNA and its host gene.
We obtained the PPI data of these genes from STRING [67] database and then

created a network of the target genes utilizing Cytoscape software [68].

v. Functional enrichment analysis

We performed functional enrichment analysis to illustrate the functional significances
of the DE host genes, DE miRNAs and common targets of DE intronic miRNA-DE host
gene. We carried out the enrichment analysis using gitools v1.8.4 [69] and FunRich
tool [70] utilizing the KEGG [71] pathway module. We also utilized the cancer
hallmarks module obtained from GSEA [72] and CHG [73] databases. We used the
Benjamini-Hochberg False Discovery Rate (FDR) [74] method of multiple test
correction model to reduce the false positive enriched terms/pathways. We considered

only those enriched terms/pathways significant which have a corrected p-value < 0.05.

vi. Searching for the target genes having prognostic values in CESC

From our generated list of the common target genes of the selected intronic miRNA
and its host gene, we then filtered and selected only those targets which have
important prognostic significance in CESC. To achieve this, we used GEPIA2 [61] tool
for performing the survival analysis using these target genes and then selected only
those target genes which have significant logrank p-values (<0.05). Then from the

selected target genes, we intended to find out if any of these genes are associated
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with immune functions. To find out this, we gathered the immune related genes from

InnateDB [75] database and compared it with our filtered list of targets.

vii. Association of the target genes with immune infiltrations in CESC

Next, we sought to find out whether the immune function associated target genes have
roles in the tumor immune cells infiltrations. Firstly, we utilized the estimation function
of TIMER2.0 tool [76] which uses TIMER [77], CIBERSORT [78], quanTlIseq [79], xCell
[80] , MCP-counter [81] and EPIC [82] immune deconvolution algorithms to find out
the abundances of immune cells for our analysed RNA-seq data. Then we used the
“Survival” module of TIMER [77] tool to find out the important immune cells associated
with patient survival in CESC. Finally, to find out the correlation between the
expression of the immune related target genes with immune infiltration of specific
immune cells, we used the “Gene” module of TIMER [77] tool. We considered only

those correlation values significant which have a p-value < 0.05.

An overview of the whole workflow has been briefly illustrated in figure 6.
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Chapter 3

Results

3.1 Identification

cancer

of differentially expressed (DE) genes in cervical

The dataset of the present study contained 8 samples; 4 normal tissue samples

and 4 CESC tumor

samples. Differentially expressed genes were screened with

P<0.05 and fold control (Log|FC|)>1 criteria was used to obtain DEGs from the dataset

from where a total of

2,907 genes were identified. Of these, 1,692 were upregulated

and 1,214 were downregulated. Additionally in case of DE miRNA a total of 116 miRs

were degulated of which 68 were upregulated and 47 were downregulated.Then using

the ggplot2 function of the R software the volcano plot of the DEGs distribution was

obtained (Figure 7).

—log,o (adjusted p-value)

—log,o (adjusted p-value)

Figure 7: Volcano plot of
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the distribution of all differentially expressed, (A) miRNA genes, and (B) all

other genes. Here, red colored bubbles suggest upregulated while bule colored bubbles mean
downregulated and non-DEGs as non-significant are represented in grey.
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3.2 Functional enrichment analysis of the deregulated genes and
MiRNAs in cervical cancer

For the DE miRNAs and genes which we obtained the enrichment analysis is done to

find their correlation with different pathways. This analysis allowed us to know the

association of the DE miRNAs and DE genes with different pathways. The significance

level was calculated on the basis of the corrected p value. The importance of

enrichment in terms of modified p-value (0.05) is depicted in all heatmaps using a

color-coded P-value scale.

P-value for enrichment
0.0 1.0

Significant Non-Significant

-ErbB receptor signaling network
Plasma membrane estrogen receptor signaling
-TRAIL signaling pathway
-Beta1 integrin cell surface interactions
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Sphingosine 1-phosphate (S1P) pathway
Signaling events mediated by VEGFR1 and VEGFR2
Proteoglycan syndecan-mediated signaling events
Syndecan-1-mediated signaling events
IGF1 pathway
Endothelins
IL5-mediated signaling events
PDGF receptor signaling network
Signaling events mediated by Hepatocyte Growth Factor Receptor (c-Met)
PDGFR-beta signaling pathway
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mTOR signaling pathway
Signaling events mediated by focal adhesion kinase
Class | PI3K signaling events mediated by Akt
Class | PI3K signaling events
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GMCSF-mediated signaling events
LKB1 signaling events
-IL3-mediated signaling events
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Figure 8: Enrichment analysis of DE miRNA using KEGG module. Colours closer to red denote
greater significance, yellow denotes less significance, and grey denotes non-significant.

The differentially expressed miRNAs are observed to be highly associated with
different signalling pathway which includes ErBb receptor signalling network, IGF1

pathway, Nectin adhesion pathway, Gkypcian pathway, IFN-gamma pathway, Notch
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signalling pathway, BMP receptor signalling, and N-cadherin signalling events (Figure

8). So the differentially regulated miRNA genes are targeting various pathways to

regulate cell proliferation, migration, differentiation, apoptosis, and cell motility.
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Figure 9: Enrichment analysis using KEGG pathway of DE genes.
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The DE genes through enrichment analysis in the context of KEGG module are also

seen to be significantly associated with some signalling pathways. These association

indicates most of our DE genes are associated significantly with different immune

signalling pathways (Figure 9).
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Figure 10 : Cancer hallmarks for DE genes (A) GSEA hallmarks (B) CHG hallmarks.

The DE genes are highly significant with most of the hallmarks of cancers in GSEA

and CHG which includes p53 pathway, activating invasion and metastasis, inducing

angiogenesis, UV response down, and E2F targets (Figure 10). These association

indicates that the sustained progression of cancer can be observed as a result of the

influence of DE genes. These genes encompass the majority of the characteristics

required to denote the stage of cancer.
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3.3 Identification of the differentially expressed intronic miRNAs

Using the intragenic_microRNA_v12 dataset of miRIAD we found out a total of 22
intronic MiRNAs along with DE host genes. Among them 13 intronic miRNAs along
with their associated host genes were upregulated and the rest 9 were downregulated

(Table 1).

A. Host_genes Down_genes B. Host_genes Up_genes

C. D.

Down_miRNAs Intronic_miRNAs Up_miRNAs Intronic_miRNAs

Figure 11: Venn diagram showing differentially expressed genes among (A) Downregulated genes
among host genes. (B) Upregulated genes among host genes. (C) Downregulated miRNAs among
intronic miRNAs. (D) Upregulated miRNAS among intronic miRNAs.

We found out that amongst the 47 host genes, 6 are downregulated and 11 are
upregulated. Conversely, in case of the intronic miRNAs, out of the 844 intronic

mMiRNAs, 17 are downregulated and 36 are upregulated (Figure 11).
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Table 1: The following is a list of DE intronic miRNAs and their DE host genes.

DE Intronic DE status intronic Host DE status of host
MiRNAs mMiRNAs genes genes
hsa-mir-1224 Downregulated VWASB2 Downregulated
hsa-mir-1264 Downregulated HTR2C Downregulated
hsa-mir-1298 Downregulated HTR2C Downregulated
hsa-mir-1911 Downregulated HTR2C Downregulated
hsa-mir-3616 Downregulated EYA2 Downregulated
hsa-mir-448 Downregulated HTR2C Downregulated
hsa-mir-4700 Downregulated UNC119B Downregulated
hsa-mir-628 Downregulated CCPG1 Downregulated
hsa-mir-6502 Downregulated IRAK3 Downregulated
hsa-mir-190a Upregulated TLN2 Upregulated
hsa-mir-2355 Upregulated KLF7 Upregulated
hsa-mir-28 Upregulated LPP Upregulated
hsa-mir-3065 Upregulated AATK Upregulated
hsa-mir-335 Upregulated MEST Upregulated
hsa-mir-4284 Upregulated STX1A Upregulated
hsa-mir-500a Upregulated CLCNS Upregulated
hsa-mir-501 Upregulated CLCN5 Upregulated
hsa-mir-532 Upregulated CLCN5 Upregulated
hsa-mir-548u Upregulated PRIM2 Upregulated
hsa-mir-615 Upregulated HOXC5 Upregulated
hsa-mir-625 Upregulated FUT8 Upregulated
hsa-mir-652 Upregulated TMEM164 Upregulated

3.4 Enrichment analysis of intronic miRNA

The intronic miRNAs which were differentially expressed are associated with KEGG
pathway. It was observed those DE intronic miRNAs were associated with various
pathways namely ErbB receptor signalling pathway [83], TRAIL signalling pathway
[84],Insulin pathway [85], and VEGF signalling pathway [86] (Figure 12). They might
also try to reduce some host-induced inflammatory responses by targeting those

pathways and function to downregulate these to invoke a proper immune response.
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Figure 12: Enrichment analysis of DE Intronic miRNA gene pairs using KEGG module.

3.5 Retrieval of DE intronic miRNAs with DE transcription factor

(TF) encoding host genes

The host genes which are differentially regulated and along with them the associated

intronic MiIRNAs are also differentially regulated. The host genes also encode some
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transcription factor. Out of seventeen DE host genes, two pairs of genes were selected
which DE intronic miRNAs and have DE transcription factor-encoding host genes.

(Figure 13)

All_TFs DE_host_genes

15
(0.9%)

‘‘‘‘‘‘

Figure 13: Venn diagram showing overlapping of DE host genes and all transcription factors.

The survival and expression of the two selected genes namely KLF7 and HOXCS are
then seen in CESC. The Kaplan—Meier (KM) plot for Cervical Cancer or CESC shows
2 groups for KLF7 and HOXCS5 (Figure 14) where one group has a high expression of
gene and the other has a low expression each. For both of them, the highly gene
expressed group has lower rate of survival in Cervical Cancer patients. Again, the box
plot is showing lower expression of tumor cells than opposed to normal cells for KLF7

gene (Figure 14).

Next, among the pair of host genes and miRs, we chose KLF7 and hsa-mir-2355
because both paired genes were associated with substantial survival in CESC, but the
other pair, hsa-mir-615, was not associated with significant survival in CESC, and so

was omitted.
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Figure 14: For CESC, (A), (B) represents box plot of differential expression of hsa-mir-615 and hsa-
mir-2355 respectively; (C), (D) represents box plot of differential expression data of KLF7 and HOXC5
respectively; (E), (F) represents Kaplan Mier plot for survival of HOXC5 and KLF7 respectively; (G),
(H) shows effect of hsa-mir-615 and hsa-mir-2355 expression respectively.

3.6 Two hundred twenty-seven common targets of KLF7 and miR-
2355 was retrieved

After that we sought to find out the common targets of KLF7 and hsa-mir-2355. Using
different databases, we got a total of 1115 and 4009 targets of mir-2355 and KLF7,
respectively. We obtained 227 overlapping targets of KLF7 and hsa-mir-2355. Then
we showed the comparative network of 227 common targets along with their

expression in our dataset (Figure 15).
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Figure 15: (A) Venn diagram showing the common targets between mir-2355 and KLF7.
(B)Comparative network analysis of the common targets along with their expression in CESC dataset.
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3.8 Enrichment analysis of the common targets of KLF7 and miR-

2355

Then we do the enrichment analysis of the common targets to find out their association

with different pathways and as well as cancer hallmarks.
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Figure 16: Enrichment Analysis of common target genes using (A) KEGG Module, (B) GOBP Module.
(C), (D) Cancer hallmark association with the differentially expressed genes of common targets.
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Our common target genes are also searched for their association various reaction
pathway which have been obtained by performing enrichment analysis in the context
of KEGG and GOBP modules (Figure 16) from where we can see they have been
involved in insulin resistance, autophagy, Human papillomavirus infection,
endocytosis, cell differentiation, positive regulation of transcription by RNA
polymerase Il etc. When immune cells recognize infection or tissue damage, they
activate several transcription factors. As a result, the majority of these common

targeted genes actively follow the immunological pathway.

In addition to the leading to the immune pathways they are seen to be associated with
some hallmarks of cancers. The hallmarks of cancer are related to tumor pathogenesis
which is breached by a cell on the path towards cancer. The targeted genes are
significantly associated with the hallmarks such as sustaining proliferating signalling,
resisting cell death, inducing angiogenesis, evading growth suppressor, Hypoxia, p53
pathway, DNA repair etc which can be targeted for cancer diagnosis and therapy

(Figure 16).

3.9 Immune Infiltration estimation in the analysed CESC samples

Next, we estimated a plot, using different prediction methods, where different
infiltration rate of different types of cells are found in the four tumor samples of our
dataset. We can see that NK cells are somewhat infiltrated in our sample according to
Quantiseq prediction method whereas macrophage and neutrophil are more infiltrated.
Myeloid dendritic cells are seen very much infiltrated in our sample according to the
prediction of TIMER and infiltrated to some extent in all samples according to other
prediction methods. According to all the prediction methods, B cells are seen to be

involved significantly with this tissue in our sample. Overall we can see CD8+, CD4+,
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macrophages, neutrophils, mDCs and B cell all are infiltrated in a good level according
to the prediction methods whereas monocytes and NK cells are infiltrated less in our

sample (Figure 17).
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Figure 17: Infiltration levels of different immune cells under different prediction methods for the four
tumor samples.

After that, we observe which immune cell types are more in our sample. Basically,
some immune cells are more or less prevalent in all our tumor samples. Like in the
figure 12, we can see CD4+ cell and B cell along with macrophages are prevalent in
all of our tumor cells according to Cibersort method. In Quantiseq tool, we can see the
proportion of neutrophil is much in all tumor samples. Lastly, in EPIC tool we can see
the prevalence of CD4+ along with a slight prevalence of CD8+ is observed in all the

tumor samples (Figure 18).
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Figure 18: Prevalence of each immune cell type in our tumor samples.

3.10 CESC significant survival gene:

We previously obtained 227 target genes and examined their connection with cancer
by monitoring their survival in CESC. The targeted genes are undergone through some
analysis where only 25 genes among them were significantly associated with CESC
patient survival. Thus, we identified 25 genes that are strongly linked with CESC

patient survival which we used for further analysis.
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The Kaplan—Meier (KM) plot for CESC also shows 2 groups for each of the genes with

one group having a high gene expression and the other with low gene expression. As

the time goes, the survival rate for both groups gets lowered in each of the high and

low gene expressed group. Despite that in case of AGFG2, KLF1 groups all of the

lowly expressed group ultimately has the least rate of survival (Figure 19-21).
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Figure 20: For CESC patient represent Kaplan Mier plot for survival of KLF6, KRAS,
PRKAR1A, RAB10, REL, ROCK2.(part 2)
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Figure 21: For CESC patient represent Kaplan Mier plot for survival of SAP30L, SEC24C, SLAIN2,
TBC1D16, TMA16, TROMT1, UCHLS5, VTAL, ZNF776. (part 3)

Then, by analyzing the survival map, we determined these genes play some regulatory
effect in patient survival. Here, the blue-colored genes indicate that if they are
expressed at a low level, the patient will survive less, whereas the red-colored ones
indicate if they are expressed at a high level, the patient will also survive less. This
significance is associated is calculated in accordance with the hazard ratio which

indicates the hazard in two groups (Figure 22).
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Figure 22: Survival map of the targeted genes in CESC.
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3.11Immune related significant survival gene:

To enumerate immune-related survival genes, we used the InnateDB database and

compared it to our survival genes. We discovered only four immune-related survival

genes from all of these datasets (Figure 23).

Innatedb_genes

Survival_genes

Figure 23: Venn diagram showing common genes overlapping the innante db genes and survival

genes.

Target genes related with immune function play a role in tumor immune cell infiltration.

ATG12, KRAS, PRKAR1A and REL are the four target genes which are both immune

signalling related as well as significant with patient survival.
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Significantly higher amount of tumor cell expression level than normal cells in CESC

is observed for all the genes except for KRAS and REL genes (Figure 24).

The correlation between the expression of the immune related target genes with
immune infiltration of specific immune cells were determined. In CESC dataset we
checked which cells are significantly related with patient related and found out that
CD4+ T immune cells is related with CESC patient survival. Then we compared it with
our 4 target genes and found that they can recruit CD4+ T cells. Among the four genes,
only REL is considered as it has correlation values significant to a p-value < 0.05

(Figure 25).

In CESC patient survival, the immune cells are seen to have some regulatory role.
Low level of B cell, CD8+ T cells, CD4+ T cells and macrophages has an increase rate
in overall patient survival. While the high level of neutrophil and dendritic cell is
associated with an increase rate in patient survival. Since CD4+ has a significant p

value we can say it is highly associated with CESC patient survival (Figure 25A).

ATG12 is seen to negatively correlated with B cell and macrophage while being weakly
correlated with the other immune cells. Whereas in case of KRAS gene B cell,
macrophage and CD4+ T cells are seen to be negatively correlated and the others are
weakly correlated. Conversely, PRKARL1 is seen to be weakly correlated with all the
other immune cells. REL, on the other hand, is correlated with all the other immune

cells except for the macrophages where it is negatively correlated (Figure 25B).
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Due to increase in B cell, CD8+ T cell, CD4+ T cell and macrophage the patient
survival goes in risk prone zone. Here, CD4+ T cells are observed to be significantly
associated with the patient survival of CESC. Therefore, among the four genes only
REL directly points out towards recruiting CD4+ T immune cell during cancer

prognosis for CESC.

From the figure 18, we can see that in our four tumor samples CD4+ is prevalent to
be in greater portion than the other immune cells. Therefore, we can conclude that

REL can be used as a prognostic biomarker in case of CESC cancer therapy.
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Chapter 4

Discussion

Recently, microRNA has gotten a lot of interest as a possible candidate for researching
their involvement in gene expression regulation to delineate a variety of physiological
processes connected to the progression and development of human diseases. Introns
of annotated protein-coding genes encode about half of the experimentally found
human miRNAs, which are referred to as intronic miRNA anchored within the host

gene.

The fact that intronic miRNAs are co-expressed and have similar transcriptional
regulatory mechanisms with their host genes in humans has elevated the importance
of research in this subject. Until recently, very little is known about the regulatory
cascade in humans that is mediated by intronic miRNA and host gene apart from its

physiological importance.

MiRNAs modulate a number of cancer and immune cell pathways in the human body.
The goal of this work was to focus due to the regulatory effect exerted by the intronic
MiRNA on its host genes it ultimately drives to the development of tumor. We also took
a wider look at the intronic miRNA, and their host gene pairs who have a correlation

in cancer prognosis with immune cells.

We extracted data of CESC tumor cells' whole genome transcriptomes from the GEO
dataset. Then from their we grouped the deregulated genes in the following way genes
which have a log2Fold value 0.8 and over were classified as upregulated genes and
those having negative 0.8 and below were classified as downregulated genes while

the others as non-significant having a value of p-value 0.05 or more. After that we
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tried out to analyse the significant association of the DE genes and DE miRs with the
KEGG pathway where most of the genes were seen to have highly significance with
various biological pathway like TRAIL signalling pathway, IGF1 pathway, Endothelins
etc. and cell cycle, DNA repair, pathways in cancer, RNA transport, Wnt signalling
pathways etc respectively. Next we analyse the enrichment for seeing the statistical
significance of DE genes with the hallmarks of cancer where it showed highly
significance with all the cancer hallmarks. So, from here we can say that these groups
of genes share common biological function, chromosomal location, or regulation with
that of cancer. MicroRNAs which are intronic in nature and they have transcription
factors embedded in their host genes are filtered. From here, we found the pair KLF7
and hsa-mir-2355 were both significantly expressed and survived in accordance with
the CESC data. Concisely, intronic miRNAs were significantly associated with the
KEGG module and were moderately related with some pathways namely ErbB
receptor signalling network, IFN-gamma pathway, S1P1 pathways etc. This draws us
to the fact that the DE intronic miRNAs plays a role in regulation of those biological

processes.

The common targets of the pair KLF7 and hsa-mir-2355 were shortlisted and a general
network analysis along with expression data among the common targets were
observed. The association with the KEGG pathways and GOBP pathway showed they
were mostly moderately significant with the pathways like signal transduction, negative
regulation of cell differentiation, positive regulation of cell migration, apoptotic process
etc. which was a little unexpected. In case of the hallmarks, they were highly
associated with the cancer hallmarks of CHG than that of GSEA hallmarks namely

sustaining proliferative signalling, inducing angiogenesis, resisting cell death,
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activating invasion and metastasis etc. which indicates their regulating role in the

cancer prognosis.

Next, upon estimation of a plot of the tumor infiltration rate in the four tumor samples
of our dataset we found some unexpected results in all the samples.While other
research has found that practically every immune cell type, including T cells, B cells,
NK cells, NKT cells, basophils, neutrophils, and myeloid dendritic cells (mDCs), plays
a role in cancer progression regulation [87]. Here the CD8+ cells, CD4+ cells,
macrophages, neutrophil, myeloid dendritic cells and B cells were infiltrated almost in
all cells to some extent in all the tumor samples according to various estimation
software. But the infiltration of NK cells and monocytes were very less which was
expected to be higher. Next, after observation the proportion of the immune cells in
those tumor samples was found where the proportion of CD4+ and macrophages was
in greater amount almost in all the samples and monocytes and myeloid dendritic cells
were in lower amount. The presence of these specific immune cells indicates their

regulatory role in cancer development.

Inflammation and immune evasion are thought to be hallmarks of cancer growth,
implying thatimmune cells are directly involved [88]. In the next analysis part, we found
out the survival associated genes which are related to CESC and got 25 genes which
are highly associated with the patient’s survival. According to the hazard ratio, the
expression of SAP30L, KLF1 and AGFG2 if expressed in highly then the patient will

survive less whereas if they are expressed less then the patient will survive more.

Innate immune signalling is vital for inflammation, and disruption of this pathway's
signalling components is becoming more widely recognized as a key mediator in

cancer development and progression [89]. Taking this into account, we discovered
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that among these 25 genes, four activate immune signaling genes and are associated
with patient survival: ATG12, KRAS, PRKAR1A, and REL. Although certain innate
signalling mediators are abundant in myeloid malignancies, it is unknown how the
activation of innate immune pathways contributes to the promotion or maintenance of
leukaemia [90]. In our study we saw the activation of innate immune cells in the
promotion and prognosis in CESC patients. Following the mapping of patient survival
in CESC, we showed that CD4+ is significantly important with the patient survival rate
of CESC patients. Besides among the four genes which can induce immune cells only
REL is positively correlated with CD4+ cells recruitment. The prevalence of CD4+ in
our four samples was also substantially greater, indicating that it plays a key role in
the regulation in cervical cancer. So here we came to the conclusion that REL is the
survival gene in CESC which is associated with the patient survival of the cervical

cancer.
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Chapter 5

Conclusion

Cervical cancer is one of the most often diagnosed malignancies in women globally.
While early identification of cervical cancer is associated with improved survival,
screening CESC is difficult in impoverished countries with a high prevalence.Thus, a
method for testing and an adequate medication can fully cure cervical cancer is very
difficult to adopt. This computational study therefore helps to establish the correlations
between immune cells and intronic miRNA genes along with their host genes that are
involved in cancer forecasting, in a comprehensive research connected to cancer-

immunology.

The simultaneous expression of intronic MiRNA with their host genes may help pave
the way for developing cancer treatments. Similarly to how targeting the REL gene
can help divert CESC away, we can help prevent a plethora of additional cancers by
utilizing bioinformatics and computational analysis, as well as greater throughput in

their study.
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