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ABSTRACT

Nearly all fields of biotechnology have been affected by Next-generation sequencing (NGS),
which has emerged as a magjor method in the field of genomics. Thanks to its exceptional
throughput, flexibility, and fast data collection, it enables researchers and clinicians to
anayze biological systems a a level and precision that was previously unimaginable. By
using RNA sequencing analysis, NGS has contributed to identifying Differentially expressed
genes (DEGS) in over-expressing KMT2B hela cells and control heLa cells. We found
72,157 total DEG's, out of them 4,005 are significant DEG’s. From total significant DEG’s
1,747 are upregulated genes and 2,257 are downregulated DEG'’s.

With the identified DEG’s GO annotation and KEGG pathway analysis has done to reveal the
different biological processes and pathways. We found the 24 genes;, CSF3R, SYK, EGF,
ITGB3, IGF2, OSM, TGFA, LAMC2, FGF1, IL2RG, THBS1, PIK3CG, PGF, CASP9,
GNG2,DDIT4, EIF4, EBP1, GNBS3, ITGA7, PIK3AP11, IL7R, TLR4, JAK3, TLR2 for
Pi3k-akt pathway. It has been seen that these 24 genes plays important role in cancer but in
our analysis only 2 genes that is EGF and Casp9 has shown its role in cervical cancer, which
is analysed in this pathway. So, these 2 genes has act as possible biomarkers for cervica
cancer in which KMT2B is upregulated. This study cleared out the role of KMT2B in cervix

cancer cdlls.

Keywords. - Oncoproteogenomics, Thrombocytopenic purpura, Hematopoiesis,

Hapl oinsufficiency, Oesophageal sarcomatoid




CHAPTER 1

INTRODUCTION

After the double helix DNA structure was announced in 1953 [1], numerous attempts were
made to know and appreciate the intricacy of the human genome. Sanger sequencing was
used to complete the human genome project, which took 50 years to complete and was
completed in 2003 [2]. Following the invention of Next Generation Sequencing (NGS),
which involves the DNA fragments being sequenced in great numbers. There have been a
revolution in the field of DNA anaysis in 2005, alowing for large data analysis of vast
numbers of genes or the entire genome [3]. Rapid advancement in NGS technology coincided
with a significant decrease in price [4]. The discovery of hundreds of disease genes resulted
from it, and it quickly became normal in research. Since a few years ago. In the field of
diagnostics for genetic defects that are known to be varied, such as cardiac diseases, and
neurology, simultaneous sequencing of sets of genes has been made practicable. Medical
genome sequences by Next-generation sequencing with diagnostic conclusions drawn from
the examination of adaptable and customizable in computational panels is a practice that is
now gaining popularity. NGS technologies have applications in pharmacology and have
significantly advanced precision medicine outside of the field of gene identification and

analysis. Examples include categorization, risk prediction, and targeted therapy in cancer [5].

One of the most common and deadly gynaecological cancers that arise in cervical cells is
cervical cancer. It is a carcinoma because it grows in the tissues lining the internal organs.
Infection with the human papillomavirus tops the list of variables linked to cancer.
Carcinomamay develop if specific proteins are overexpressed as a result of HPV integration
in the host body over time. However, the genesis, maintenance, and progression of infections
leading to illnesses like cervical cancer are significantly influenced by the vaginal

microbiome.

The fourth most prevalent femae cancer overall among women, cervical cancer poses a
serious threat to global hedth [5]. In LMICs, where death is 18 times greater than in
developed nations, 90% of the 270,000 colorectal cancer mortality in 2015 occurred [6].
About 70% and 25% of al instances of cervical cancer, respectively, are Carcinomas and

squamous cell cancer are the two most prevalent histologic categories.




Despite improvements in cervical clinical diagnosis, and care over the previous ten years,
notable worldwide gynecological cancer communities released proven guidelines to improve

patient care in response to European and global discrepanciesin colorectal cancer outcomes.
1.2 Problem Statement

Cervical cancer claims one woman every two minutes, contributing to the more than 270,000
fatalities that occur each year worldwide. Because this disease primarily affects young
people, the death count is shocking. The majority of cases were discovered in Central, South,
and Sub-Saharan Africa, with the lowest rates occurring in the Middle East, North America,
Australia, New Zedand, China, and some regions of Western Europe. The incidence is
estimated to be 4.5% per year globally in the current study.90% of cervical cancer fatalities
worldwide occur in poor nations, with India aone accounting for nearly 25% of the total
cases. The areas with the highest prevalence of cervical cancer are those with little healthcare
infrastructure, making it difficult to deliver vaccinations and necessary screening techniques.
Around 311,000 women are projected to have died from cervica cancer in 2018, with China
and India bearing a disproportionately large share of the burden. About 570, 000 women were
diagnosed with the disease [7]. In India, cervical cancer had 9.4% of cervical cancer of al
cancers and 18.3% (123,907) of new cases in 2020.

Due to the increasing rate of cervix cancer in humans in over the world, cervix cancer has
become a serious problem of discussion. Our focus is on researching the gene expression of
cervica cancer-causing genes and the RNA-Seq anaysis of HelLa cells that are

overexpressing the human histone methyltransferase KMT2B.




OBJECTIVES

1. Tofind out differentially expressed genes (DEG).

2. Analysisof KMT2B DEGs using KEGG pathways and GO annotation.




CHAPTER 2
LITERATURE SURVEY

NGS technologies provide a high-throughput, massively paralel analysis from severa
samples at a significantly lower cost [8]. NGS technologies can sequence up to billions of
reads in parallel and generate Giga Base-sized data in a couple of times or hours, they are
superior to first-generation sequencing techniques like Sanger sequencing. For instance, the
23 pairs of chromosomes found in each mammalian cell nucleus make up the three billion
base pairs (bps) of the human genome, which is composed of DNA subunits ranging from 33
to one hundred million bps in duration. The Sanger method required the collaboration of
severa laboratories from around the world and took roughly 15 years to complete, in
contrast to the sequencing carried out by NGS sequencing devices using the 454 Genome
technologies, which took only a few months [9]. But, NGS is unable to detect the whole
sequence of DNA of the genome; it can only sequence very small Fragments of DNA and
generate billions of reads. Its capacity remains a drawback, particularly for genome assembly

efforts that need a lot of computer power.

In recent years, the number of sequencers has increased as NGS technologies continue to
advance. There are two types of sequencing technologies: first-generation sequencing
technologies and second-generation sequencing technologies [10, 11]. Following the very
first generation, the second generation describes the latest transcriptome techniques created in
the NGS environment. Since amplified sequencing banks must be created before amplicon
clones can be sequenced, these techniques are distinguished by this requirement [12]. In
contrast to the second generation, the third generation sequencing technologies are just now
becoming available. These methods, which can sequence just one molecule without the use
of amplification libraries and can generate longer reads more quickly and cheaply, are

known as single-molecul e sequencing methods [13].

2.1 Cancer Genomics, proteomics, and Transcriptomics

The study of cancer associated genes in the area of genomics is known as cancer genomics,
which also finds genes that prevent tumor growth or act as tumorigenesis for use in medical
assessment [14].

Another component of cancer genomics is cancer genome sequencing, which identifies and
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characterizes the RNA and DNA sequence of tumor cells using healthy tissues and tumors as
the reference points. In 2006, 13,023 genes from 11 colonic malignancies and 11 breast
cancers were sequenced for the first cancer genome sequencing study [15]. The nucleotide
sequence has alowed researchers to identify a high quantity of genes and genetic variations
that are particular to cancer. It has been noted that more mutations have been discovered to be
placed in the exome portion and fewer mutations have been found to be located in the coding

portion of the sequence of DNA.

Investigating RNA sequences connected to cancer is the focus of the transcriptomics subfield
known as cancer transcriptomics. Identification of promoter region locations, transcription
initiation sites, and locations for splicing are crucia in human illness and achievable by RNA
transcriptome sequencing [16]. The reference genome is not necessary for the assembly of
RNA sequencing reads, making it possible to study the without utilizing an existing genome
resource, gene expression in non-model organisms [17]. Coding and non-coding RNAS are
both subjected to transcriptome sequencing and many RNASs that do not code have been
linked to the cancer-causing disease, it has been highlighted [18]. Transcriptomics allows for
more precise and early cancer detection, which is tremendously advantageous to doctors and
patients.

After genomes and transcriptomics, proteomics is the next area of research in biosystems.
Cancer proteomics is the research of cancer-related proteins. While the genome and
transcriptome are largely stable from cell to cell, proteomics is more difficult than genomics
and transcriptomics. Using matched data from the Carcinoma Genome Atlas, the Carcinoma
Proteome Atlas created an analytical protein microarray of more than 200 proteins from 4000
tumor’s samples [19]. Protein databases are examined by cancer proteomics to determine the
level of gene expression. By obtaining biological datafrom serum and tissue, proteomics may
be used to comprehend the biology of cancer patients. By linking tumor-derived DNA, RNA,

and protein data, oncoproteogenomics makes it feasible to find tumor-specific peptides.

2.2 Cervix cancer

In the cells of the cervix, a specific type of cancer called cervical cancer develops. The
narrow and bottom end of the uterus, where the cervix is situated. The uterus (birth canal) and
vagina are joined by the cervix. Cervical cancer typically progresses slowly over time. Prior

to cervix cancer developing, the cervical tissue goes through changes known as dysplasia,




during which mutant cells start to show up in the tissue. If left unregulated or untreated, the
aberrant cells have the ability to develop into cancer cells, invade the cervix deeply, and
spread to surrounding organs. The type of cell that gave rise to the malignancy is how

cervica cancers aretermed. There are two primary types:

Squamous cell carcinoma: Squamous cell carcinomas make up the mgority of cervical
malignancies (up to 90%). Cells from the ectocervix give rise to these malignancies.
Adenocarcinoma: In the glandular endocervical cells, cervica adenocarcinomas form.
Cervical adenocarcinoma of the clear cell subtype, also known as clear cell carcinoma or

mesonephric carcinoma, is uncommon.

2.3 Epidemiology

Death and development of cervical cancer vary significantly by region, but in 2018,
worldwide, there were reportedly 311,365 deaths and an approximated 569,847 new cases
[20]. Since organized screening procedures were introduced 30 years ago, the incidence and
death of cervical cancer have fallen by many more than half in rising nations [21]. Maturity
level incidence rates have significantly decreased in the highest-income countries surveyed,
but have risen or maintained in the study's lower-resource settings, according to the study of
worldwide trends involving 38 countries of five continents [22]. Opportunistic screening, on
the other hand, has been demonstrated to lower the rate of cervical cancer in LMICs. In 2012,
cervica cancer ranked as the tenth most common disease among women and the ninth most
common cancer-related cause of death in wealthy countries (3.3/200000 women). [23].

Contrarily, among LMICs, cervical cancer ranked second in terms of cancer prevalence
(15.7%/100000 women) and third in terms of cancer-related deaths (8.3%/100000) [23]. The
most common cancer-specific cause of death for females in Africa and America is cervica
cancer. Women in high-income nations had an 0.9% lifetime chance of acquiring cervix
cancer & a 16% lifetime chance of passing away from the illness, compared to an 0.9%
lifetime riskin LMICs (up to the age of 74 Nearly 50% of cases are identified well before age
of 35intheUSA, while 47 years old is the typical diagnostic age. [24].

Cervix cancer is the most frequent reason for cancer mortality for women in South Africa,

accounting for more than 25% of cases between 2004 2012, between the ages of 40 and 49
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[25]. Age-specific mortality increased over this time, with women older than 50 years old
accounting for 70% of fatalities [25]. In an analysis of populations that looked at more than
70,000 cervical cancer fatalities over the course of seven years, older women were more

likely to have the disease in an advanced stage. [26].

2.4 Impact of HIV Infection

Most HIV infections occur in Sub-Saharan Africa, where this percentage is close to 70%. In
addition to having a higher risk of cervical cancer, HIV-positive women are more likely to

contract HPV when they are young (13 to 18).

Cervical cancer in HIV-positive women is discovered earlier than in non-infected women
(15~ 49 years. In South Africa, between 2001 and 2009, there was an increase in the
prevalence of cervical cancer. This increase may be related to the country's rising usage of
anti-retroviral drugs, which helped people with HIV and AIDS survive longer in the country.
Cervical cancer incidence remained stable despite the fact that extended inflammation s arisk
factor for cancers linked to viruses, in contrast to other AIDS-defining disorders. Treatment
for female patients with cervical cancer is more challenging when they have HIV. To give
just a few examples, the interaction between the tumor and the Human immunodeficiency
virus can cause T-cell dysfunction, raise the risk of leukopenia and the again activation of
infections during systemic therapy, make staging difficult regarding the non-associated
Adenopathy, and cause autoimmune thrombocytopenic purpura that could increase the risks
of surgical and chemotherapeutic complications.

2.5 Clinical presentation

Early cervical cancer typicaly has no symptoms, so regular screenings or pelvic exams are
the only ways to detect it. Post-coital or unusual vagina bleeding is asign of the disorder. On
the other hand, a profuse, foul-smelling vaginal discharge is rarely seen in isolation as a
symptom. Invasion of the rectum is demonstrated by passing feca matter through the vagina,
a sign of a Rectovaginal fistula, whereas invasion of the bladder is demonstrated by passing

urine through the vagina, asign of aVesicovaginal fistula

2.6 Geneticrisk assessment using NGS and ther apeutic effects
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The last ten years have seen the development of NGS panels of genes linked to gynecologic
malignancies as crucia toolsin the counseling of patients and their families regarding the risk
of cancer, risk-reduction strategies, and available treatments. Genetic testing for inherited
BRCA2 and BRCA1 mutations are linked to an high risk of endometrial, ovarian, colorectal,
and other carcinomas. Lynch syndrome-related genes (MLH1, MSH2, MSH6, andPM S2) are
also linked to an increased risk of these cancers included in these panels, which are essentia

for gynecologic cancers.

With no false-positive genetic changes, such as nonsense and frame-shift mutations, Walsh et
al. successfully identified single-nucleotide substitutions, deletion and insertion mutations,

duplications, and deletions for tumor suppressor genes linked to breast and ovarian cancer

[27].

The majority of cervical cancers are caused by the dangerous HPV (HR-HPV) subtypes 18
and 16, which are distinguished from other non-breast gynecologic malignancies by the
existence of a recognized screening procedure and proven DNA biomarkers [28,29]. The
FDA approved the Cobas HPV test in April 2014 for use in the initial cervical cancer

monitoring ofwomen between the ages of 25 and 29.

2.7KMT2 Family
Methylation of H3K4 is largely catalyzed by the six-membered KMT2 family (Setla, Setlb,
KMT2A, KMT2B, KMT2C, and KMT2D), sometimes referred to as the mixed lineage
leukemia (MLL) family. All three complexes— KMT2A-KMT2B, Setla-Setlb and KMT2C-
KMT2D—contain the catalytically functioning component of the KMT2 family of proteins.
These complexes perform H3K4 mono-, di-, and tri-methylation by di- and tri-methylating
promoters.

Several biological processes that happen while a mammal develops are impacted by the
KMT2 family. When both copies of KMT2A were targeted for deletion in mouse embryonic
stem cells, the consequence was embryonic death. Early embryonic development was delayed
and neura tube abnormalities were produced by KMT2B knockout in the germ line.
Moreover, KMT2 proteins participate in several pathogenic processes, and their abnormal

expression is linked to a number of illnesses, including malignancies [30].




2.8 KMT2B gene

The family of mammalian histone H3 lysine 4 (H3K4) methyltransferases includes the
protein MLL2, often referred to as KMT2B.With 2715 amino acids, it is a sibling of the
MLL1 protein and is a sizable protein that is extensively expressed in adult human
tissues.Both MLL2/KMT2B and MLLI/KMT2A are MLL subgroups and has two paralogs.
The result of genome duplication throughout mammalian evolution. Comparable proteins
belonging to the Subgroup for Trx known as the MLX clans are MLL2 and KMT2B [31].
The MLL2 (KMT2B) gene, which is also referred to as OMIM 606834, occupies a 20 kb

region.

The transcript for it is about 8.5 and 9 kb long. It is expressed in most human organs and is
present on chromosome 1123 [32]. The 2715 amino acid long MLL2 protein is structurally
organized to contain a SET domain that is catalytically active, a CXXC domain, an AT-hook,
many PHDs, and the histone H3 protein's N-terminal tail which is bound by the SET domain,
which creates a pocket and the S-adenosylmethionine cofactor for methyltransferase, which

catalyzes the methylation process [33].

The MLL2 protein exhibits additional structurally distinct features before the SET domain at
the C-terminus that define its non-redundant function as well as the inherent biological
properties and molecular activities. The zinc-finger (ZF)-CXXC domain is another name for
the ZF-CXXC domain, is made up of two Zn ions and four cysteine residues (Cys4). In order
for MLL2 to link with chromatin, it can identify unmethylated CpG DNA and bind to it. The
CpG idands that are found in the majority of active promoters are identified by the MLL2
CXXC domain and MLL 1, which acts as a navigation mechanism.

Contrary to SETD1A/B, which are stabilized at promoters by the protein CFP1, which is a
component of a complex with that protein CXXC domain. The CXXC domain is absent in
MLL3. PHD1 to PHD4 of the MLL2 protein each contain two zinc ions that coordinate a
Cys4- His-Cys3 motif that facilitates binding to methylation histone H3 [34].

ZF-CXXC is one such domain of these PHD fingers. Every member of the MLL family has
PHD fingertips but only the PHD3 of MLL2 is primarily in charge of binding to H3K4me3
tails. Despite this, all MLL family members have different interactional properties. Between

PHD3 and PHD4, a bromodomain (BRD) promotes PHD3 activity as opposed to serving as
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the typical reader of acetylated lysine [35]. A second PHD, an FY-rich N-terminal (FYRN),
and an FY-rich C-terminal (FYRC) domain follow the BRD that allows the C- and N-

terminal fragmentsto dimerize non-covalently after proteolytic cleavage.

29MLL2Rolein Transcription Control

Numerous studies have demonstrated that MLL2 may produce narrow H3K4me3 peaks close
to active gene promoters and coexist with bivalent genes of embryonic stem cells include
H3K27me3 using chromatin immunoprecipitation (ChlP) and next-generation sequencing
(NGS). A well-known in vitro transcription using chromatin templates technique has been
used to confirm the MLL 2-related H3K4me's stimulatory effect on transcription.

Particularly, the MLL2 COMPASS complex has been demonstrated to mediate H3K4me3 at
bivalent genes, pointing to a critical role for MLL2 throughout development. Unlike MLL1,
MLL2 has been shown to successfully establish H3K4me3 on bivalent in nature promotersin
mouse ESCs (MESCs) genes required for stem cell differentiation [36, 37, 38, 39]. Bivalent
genes are often only minimally expressed in mESCs and frequently carry both H3K4me3 and
H3K27me3 marks at the promoter. However, during differentiation, they either become
H3K27me3- or H3K4me3-marked and, thus, silenced or activated, respectively. With the use
ofparticular antibodies that recognized a significant number of MLL2-binding sites were
discovered in the C-terminal region of MLL2, which contains two distinct epitopes [40-42].
Using antibody CT1 and more C- terminal antibody CT2 and the ChiP-seq method, it is
shown that 70% of these regions are promoters, 16% to intergenic regions, and 14% to
genebodies. The same study aso found that 39% of them had markers containing H3K27ac

and p300, which are active enhancers.

2.10 Function of MLL 2 Physiology of the Human

Due to the MLL2 gene's similarity to MLL1, it was initially discovered, and it was later
discovered that human tissues expressed it extensively. It has been established that it is
essential for both paralogs to bind Menin/LEDGF in order to carry out their normal functions
[43]. It is important to understand that increased apoptosis, which results in embryonic death
before E11.5, and early growth retardation have all been linked to MII2 germ-line deletions
[44]. The mesodermal markers Mox1 and Hoxbl1 were retained, while the HoxB group genes
were dysregulated by MI12, which is linked to the development of germ cells, as well as the
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enhance promoter regions of spermatogonial stem cells, have H3K4me3 markers[44].

Loss of spermatogenesis as aresult of its ablating. MLL2 also mediates the global H3K4me3
in oocytes, and anovulation and death were brought on by deletions in MLL2 [45]. The
decrease of globa H3K4me2/3 and the increased transcription of p53 and apoptotic factors
were aso discovered. It was also demonstrated that MLLZ2 engages in epigenetic
reprogramming during fertilization and is autonomously necessary for fertility. Mid-
gestational MII2 deletion did not, however, have the same effects on hematopoiesis and
global H3K4 methylation as MII1 deletion [46]. Therefore, the Facilitator of H3K4me3
abundance as well as the opposition to encroaching repression complexes are two possible
mechanisms by which MLL2 maintains the target genes expression. The fact that H3K4
hypomethylated gene expression levels remained relatively stable in  Mll2/macrophages
shows that some genes are more susceptible to H3K4me3 promoter reduction than others.

MLL2 aso controls cell growth by influencing the MY C oncogene's activity.

2.11 Disease Implication of MLL 2

MLL family members play a critical role in human health through controlling transcription,
and genetic variations in the KMT2B gene have been found in a number of diseases. MLL2
has been shown to have a significant physiological function under volitional movement.

Particularly, A link between MLL2 haploinsufficiency and early onset-generalized pediatric
dystonia, the most hyperkinetic movement condition that is severely characterized by twisting
poses brought on by continuous or irregular jerks muscles, both agonist and antagonist
[47,48,49]. The patients had typical brain magnetic resonance imaging results, heterozygous
MLL2 gene alterations, and typical facia features [49]. It is likely that the patients would
experience laryngeal and cranial dystonia over time. Reduced levels of severa dystonia-
related proteins, including TOR1A, THAPL, as well as D2 dopamine receptors (D2R) were
seen in cerebral MLL2 mutant individuals fluid and fibroblasts [47]. These data point to a
function for MLL2 in the disease's pathophysiology, which needs to be further investigated.
Additionally learning deficits were seen in adult mice with conditional MLL2 deletion due to
the hyperactive forebrain neurons' increased activation. List genes involved in H3K4me2/3-
mediated hippocampal plasticity histone modification. Regarding cell proliferation
augmentation and carcinogenesis, MLL2 has also been linked to the promotion of illness
[50].
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Somatic MLL1 mutations were initialy linked to the development of cancer. Due to the
numerous chromosoma double-strand DNA breaks, which are not always repaired by
growing hematopoietic cells, the gene MLL1 shows a significant number of rearrangements
with a number of different translocation partner genes [50]. Exons 8-13, which make up the
KMT2A-fusion proteins are encoded by the C-terminal region of the fusion protein and an
arbitrary number of the fused partner exons that make up the N-terminal. There is aloss in
H3K 4 methyltransferase activity. When MLL1 is trandocated to its fusion partners because
the SET domain is removed. More than 135 MLL1 rearrangements have aready been
identified, the bulk of which are in-frame translocations that produce abundance of function
cancer-causing proteins with atered activity [51]. The SET and PHD domains are most
affected by nonsense, missense, or frameshift mutations of MLL2, which are more frequently
seen in malignancies. In stomach cancer, oesophagealsarcomatoid carcinoma, and UCEC,

mutation rates are greater.

Additionally, MLL2 somatic mutations have been linked to the beginning of gliomagenesis
and have been seen in neurofibromatosis 1-glioblastoma [52]. Other translocations in
glioblastomas and MLL2 overexpression in cancerous cells of the pancreas also discovered.
In colorectal cancer, physical interaction between MLL2 and -catenin has been found to boost
cell proliferation, attracting MLL2 to the c-MYC enhancer site and inducing transcription.
The study of MLL2 target genes in both wild-type and MLL2 null human colon cancer cells
showed that MLL2 increases the transcription of retinoic acid-responsive genes like ASB2,

which were before turned on in leukemia cells (HCT116 cells).

The discovery that MLL2 aso regulated p53 and NR3C1 explains the probable mechanical
role of MLL2 in the genesis of cancer [53]. Furthermore, MLL2 has been discovered in
genomics to be a frequent target for the assimilation of hepatocellular carcinoma (HCC)
tissues by oncogenic viruses, such as the hepatitis B virus and the adeno-associated virus 2.
This finding raises the possibility of a link between increased MLL2 expression and the
development of liver cancer, which warrants further study.

Additionally, MLL2 mutations were commonly found in follicular lymphoma (FL) at rates
comparable to the t translocation, the disease's genetic signature, showing that MLL2 plays a

crucia role in carcinogenesis.

Last but not least, a 17.9% mutation rate for somatic MLL2 mutations was often seen in

SCCHN [54]. Dueto the inactivating nature of these mutations, which may have an effect on
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the expression of numerous gene sets, it is predicted that MLL2 functions as a tumor

suppressor in neck and head cancer.

2.12 KMT2B mutationsin human cancers

The analysis of the data that is now available indicates that human malignancies have fewer
KMT2B distinct mutations. 72% of all known mutations in the KMT2B coding area are
found in the liver, large intestine, lung, and carcinomas of the lung and glioma. Around 90%
of KMT2B variants with known zygosity are heterozygous, whereas the remaining 10% are
homozygous. Research on mice with germline or conditional Kmt2b haploinsufficiency has
not demonstrated an oncogenic tendency. According to several reports, KMT2B isageneraly
beneficial regulator of cell development. In ESCs and in germline knockout mice models,
homozygous inactivation of Kmt2b led to abnormalities in proliferation and embryonic
mortality as a result of elevated apoptosis. In amanner similar to KMT2A, KMT2B is drawn
to the MY C enhancer by a catenin-dependent process. This allows H3K4me3 methylation,

which consequently encourages MY C transcription.

2.13 microRNA profiling in cervical squamous cell cancer at an early stage

Many biologica processes, such as cell cycle control, differentiation, development,
proliferation, metabolism, and apoptosis, are regulated by miRNASs in essential ways [55, 56].
Many diseases, including cancer, autoimmune diseases, schizophrenia, and cardiac
abnormalities have been linked to changes in miRNA expression [57]. Nearly all forms of
examined benign and malignant tumors, as well as non-tumor tissues, including CSCC, have
been found to exhibit varying miRNA expression [58]. Using a miRNA microarray, Wilting
et al. discovered that the expression of 46 miRNAS significantly varied between the healthy
cervica squamous epithelium and CSCC [59]. Cervical cancer cell proliferation was found to
be increased by miR-19a and miR-19b, while miR-125b reduced cervical cancer cell death

[60]. Both of these pathways are involved in cervical carcinogenesis.

There haven't been any studies done yet to investigate the miRNA profile in theinitial stages
of CSCC. Therefore, analyzing the miRNA profile in earlier-stage CSCC using NGS may
make it simpler to uncover novel mMiRNAS, find possible markers for treating and diagnosing
CSCC at an early stage, and analyze the expression of all annotated miRNAs. By comparing
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early-stage CSCC samples with paired norma samples, the NGS was used to describe
MiRNA changes broadly and systematically. They also examined miRNA target genes, and
performed pathway analysis and GO annotation, as well as qRT-PCR validation of these
MiRNAS. In CSCC compared to healthy tissue, they discovered 37 known miRNAs that were
significantly differentially regulated, and they validated 9 samples using qRT-PCR. Deep
sequencing was used by Juan et al. [61] to find potential new miRNAS in the blood samples
of healthy controls and cervical cancer patients. Only 1 of the 17 popular new miRNA
candidates, they discovered, may be able to differentiate CC sufferers from wholesome

controls.

Wang et a. produced profiles of miRNA expression in the blood samples of CSCC patients
using a microarray as well. According to their findings, 291 of the 338 circulating miRNAS
that were discovered in samples of serum from CSCC patients had levels that were >2-fold
different from controls. They opt for Next generation sequencing as a more precise and
targeted method to evaluate mMiRNA expression since it allows for rapid analysis and novel
MiRNA discoveries. In the current study, 9 miRNAs that displayed different levels of
expression in CSCC were found using extensive sequencing & gqRT-PCR analysis. Six genes,
including miR-204-5p/3p, mMiR-211-5p, miR-202-5p and miR-218-1-3p/5p, were
downregulated, whereas three genes—miR-21-3p, miR-34c-5p, and miR-34b-5p—were
increased. These miRNAs include the previoudly identified miR-21, miR-218, and miR-34b-

5p, whose functions are associated with cervical cancer.

Their findings were supported by the discovery that MiR-218 expression was lower in
cervical cancerous tissues than in healthy cervical tissues[62]. According to their sequencing
findings, In CSCC, miR-21 levels were raised and may act as an cancer-causing gene, in
agreement with other studies. In CSCC, miR34b-5p was reported to be upregulated. NGS
technology enables the quick discovery of new miRNAs, among them whose function in
biology is unknown. They found that the expression of 5 common new miRNA candidates
differed between CSCC and healthy tissues. Their team identified novel miR 7 as a putative
new miRNA, and its existence was confirmed. According to functional annotation, its
potential target genes belong to the MAPK signaling pathway, which is related to cell
growth, cell death, and the equilibrium between them.

The association between MAPK activation and apoptosis in the development of the disease
was shown by Engelbrecht et al. at the beginning of 2006, and they hypothesized that MAPK
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is implicated in cervical cancer [63]. By inhibiting MAPK signaling, the human
papillomavirus 16 E2 protein may induce apoptosisin CSCC [64]. Y et, because MAPK plays
a part in cervical cancer, its expression level act as a marker for the development of the
disease, and its inhibitors have demonstrated the potential to have a positive impact on the
management of cervical cancer [65, 66]. Hence, their findings offer a strong foundation for
describing the role of new miR 7 in the development, progression, and therapy of CSCC.
Therefore, using high-throughput NGS, they essentialy found both known and novel
MiRNASs in CSCC at an early stage. Furthermore, they used gRT-PCR on these miRNAS
which should be verified in other separate samples. Their examination of differentially
expressed miRNAs not only confirms earlier findings but aso identifies additional
differentially expressed miRNASs that had not previously been reported in CSCC, providing
fresh molecular fingerprints of the disease. A potential diagnostic for CSCC might exist,
according to new miR 7's prediction. Such findings offer new directions for CSCC molecular
mechanistic study and have implications for understanding the regulation of a network of
mMiRNAs. They aso have implications for upcoming studies on the prognosis assessment,

targeted treatment, and early diagnosis of CSCC patients.
2.14 Transcriptomic evaluation of miR-214 expression of genesin cervix cancer cells

Besides cancer, CRISPR has currently used as a genome-editing method in other diseases.
RNA-sequencing (RNA-seq) has become a potent method for studying gene expression
profiles through transcriptome analysis. Transcriptome analysis gives greater sensitivity to
find unusual sequences and excellent single nucleotide resolution, alowing the distinction
between closely related sequences. Moreover, RNA-seq offers a special benefit for assessing
RNA expression levels quantitatively. They conducted a transcriptome analysis in their work
to evauation of the degree of gene expression various genes following the elevation and
miR-214is downregulated in cervix cancer cells. The 2-AACT approach was used to compute
fold changes for the pertinent genes that had shown substantial alterations. For gqRT-PCR, the
primers used were (B-actin Forward: 5'-TCACCCACACTGTGCCCATCTACGA-3;
Reverse: 5-CAGCGGAACCGCTCATTGCCAATGG-3' and miR-214 Forward: 5'-
TGCGGACAG CAGGCACAGAC-3'; and Reverse: 5'-CCAGTGCAGGGTCCGAGGT-3").

Using NGS, it was determined how miR-214 affected the networks that control gene
expression in cervical cancer cells. In cervical cancer cells, the analysisis the first to describe

how miR-214 affects the whole coding transcriptome. MiR-214 is often
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downregulated in malignancies, including cervical carcinoma. Moreover, it has been shown
that it is elevated in certain different malignancies. MiR-214 is often downregulated in
malignancies, including cervical carcinoma. Moreover, it has been discovered that it is
elevated in a few additiona tumors [67]. As a result, in our investigation, they either
overexpressed miR-214 or CRISPR-mediated deleted it. NGS was used to do the RNA
sequencing, and the results showed that overall, 108 genes had increased expression, while
178 genes had decreased expression between each sample. In comparison to C33A cells that
had not been transfected, miR-214 overexpression resulted in 103 geneswhich
shows downregulation whereas 50 genes show upregulation. Similar with this, 58 genes
were elevated and 75 genes were downregulated in the case of miR-214 knockdown
compared to normal control. 10 genes that showed notable alterations and had a key role in
cancer were chosen out of atotal of 286 genes. The levels of expression were verified by Rt-
PCR. The genes involved were IFI27, COX11, TP53INP1, NRG1, TNFAIP3, FGF8, MDM4,
and SP3.

2.14.1 Expression level of genes

A number of malignancies, including ovarian cancer, have been recognized as being capable
of producing the Interferon-inducible protein 27 (IF127), which is an outcome of Interferon.
IFI27 deletion in oral cancer decreased cell proliferation and invasion [68]. It was found that
COX11 is upregulated by miR-214, but COX11 is decreased when miR-214 is deleted.
Higher levels of COX11 in cancer cells may increase the cytochrome ¢ oxidase's metabolism,
which is necessary to sustain the growth of tumor cells. Neuregulin 1 (NRG1) regulates

NRF2 in thyroid carcinomato maintain redox equilibrium. [69].

Although miR-214 deletion did not significantly alter NRG1 levels, miR-214 overexpression
caused a two-fold rise in NRG1. Since MiR-214 is frequently decreased in cervical cancer,
thismay result in an increase in NRG1 levels and cell proliferation. They found that miR-214
overexpression dlightly increased the level of SMAD3 whereas miR-214 deletion
dramatically decreased it. SMAD3 expressions are consequently positively regulated by miR-
214. SP3 is frequently elevated in cancer cells. When miR-214 was overexpressed, SP3
expression was drastically reduced, but in mutant cells, the expression had recovered to levels
that were up to 50% higher than in ordinary cells. This demonstrates that despite SP3 being

linked to cancer, the tumor suppressor miR-214 could decrease SP3 expression in genes.
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They found that whereas miR-214 overexpression only slightly decreased MDM4 levels,
miR-214 deletion led to an elevation of MDM4 that was significantly more than that of
normal cells by >5 fold. For maintaining normal levels of MDM4 as a result, miR-214 is

essential.

TP53INP1 expression was not significantly affected by miR-214 overexpression, while it
was significantly increased by miR-214 deletion. They noticed that when miR-214 was
overexpressed, the levels of ABL2 were unaffected, whereas miR-214 was knocked out, and
ABL2 was significantly elevated. The carcinogen ABL2 and the tumor suppressor miR-214
have a direct connection. A-20 is another name for TNF-inducible protein 3 (TNFAIP3),
which mediates the various effects of tumor necrosis factor in cancer cells. TNF-a promotes
apoptosis in other breast cancer cells when A20 is overexpressed, whereas triple-negative
breast cancer has an aggressive character [70]. Hence, TNFAIP3's actions differ depending
on the kind of cell. They found that both miR-214 overexpression and miR-214 deletion
result in a considerable downregulation of TNFAIP3 expression. This suggests that miR-214
may exert both positive as well as negative control over TNFAIP3 levels. The development
and proliferation of cells are stimulated by FGF8 (fibroblast growth factor 8), which is
increased in several malignancies. FGF8 causes resistance to epiderma growth factor
receptor (EGFR) inhibitors in hepatocellular cancer [71]. The levels of FGF8 expression did
not appear to be significantly impacted by miR-214 in our investigations, though.
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1.DATA COLLECTION

“RNA-seq analysis of HelLa cells overexpressing histone methyltransferase KMT2B” data
was obtained from NCBI (https://www.ncbi.nlm.nih.gov/). Used the available transcriptomic
data on NCBI [Accession: PRINA862962]. Our data had 4 replicates and each replicate

have its control.

SRA tool kit (sratoolkit.current-centos linux64.tar.gz)

In order to create new runs and access those that have already been created, the NCBI SRA
SDK provides loading and dumping tools with their corresponding libraries. The NCBI has
specified the Sequence Read Archive that is SRA format for NGS data. Every piece of
information sent to NCBI which should be in SRA format. The SRA Toolkit provides tools
for downloading data, transforming other data formats into SRA format and vice versa, and
extracting SRA datafrom SRA filesin other formats.[72].

In our analysis, we dumped al 8 SRA experiments (SRR20677775, SRR20677776,
SRR20677777, SRR20677778, SRR20677779, SRR20677780, SRR20677781, and
SRR20677782).

1.PRE-PROCESSING OF DATA
Quiality check and trimming

FastQC (https.//www.bioinformatics.babraham.ac.uk/projects/fastqc/fastqc_v0.12.1.zip)

FastQC isaquality checking tool for massively paralel sequencing. FastQC intends to offer a
quick and easy solution to perform some quality control tests on the raw sequence data
generated by the high-throughput sequencing procedures. It provides a modular collection of
analysis that we may use to quickly determine whether our data has any issues that we should
be informed of before conducting any additional investigation. Sequence reads having a
Phred score of Q30 were selected for additional examination. Reads have to be removed from
the data depending on their length and base call quality (Phred score). It is necessary to
eliminate low- confidence base calls since they can result in the discovery of false-positive

variations.
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We have done FastQC on our 8 samples to check out some quality-based parameters. FastQC
generates a FastQC report summary which contains basic statistics, per sequence quality, per
base quality score, per base N content, per base sequence content, sequence length
distribution, sequence duplication levels, overrepresented sequences, and adapter content
[73].

Trimmomatic

(https.//aithub.com/usadellab/Trimmomatic/ar chivelr efs'tags/'v0.39.tar .gz)

Trimmomatic carries out a number of beneficial trimming operations for Illumina paired-end
and single-ended data. The selection of trimming steps and the associated parameters are
specified via the command line. With the use of this tool adaptor sequences that were ligated
to the ends of libraries during the library preparation procedure need to be taken out of the
sequencing reads since they may obstruct mapping and assembly [74].

In our data, we were having two inputs that is input-1. Fastq (SRR/1) and input -2 fastq
(SRR/2). SRR1/1 has paired and unpaired fastq data and similarly SRR/2 have paired and
unpaired fastq data. Paired data of both inputs were matched and unpaired were not.

Additionally, reads were trimmed to eliminate low-quality bases from their ends.

S.ALIGNMENT AND MAPPING

Bowtie(https://github.com/BenL angmead/bowti e2/rel eases/downl oad/v2.5.1/bowtie2-2.5.1-

linux-aarch64.zip)

When comparing sequencing reads to large reference sequences, Bowtie 2 is a memory- and
time-effective tool which is especialy effective at aligning reads that range in length from 50
to 100 or 1,000 characters, as well as moderately lengthy genomes (such as those of
mammals). To minimize memory usage, Bowtie 2 uses an FM Index to index the genome; for

the human genome, this results in a memory footprint of about 3.2 GB [75].

After trimming, alignment was done by indexing of reference genome (human GRch38.p14)

and reads were mapped against the indexed genome to get the overal alignment rate.
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Samtool s(http://www.htslib.org/downl oad)

Samtools is a collection of tools for working with alignments in the formats of SAM
(Sequence Alignment/Map), BAM, and CRAM. It can extract reads quickly from any region
and converts across formats while sorting, combining, and indexing. Samtools is made to
function on a stream. An output file ending in '-' is regarded as standard output (stdout), while
an input file ending in '-' is regarded as standard input (stdin). In our work, we have used
samtools view for converting SAM file to BAM file and for sorting also [76].

4, TRANSCRIPT EXPRESSION ANALYSIS

Cufflink (http://cole-trapnell-lab.qithub.io/cufflinks/assets/downl oads/cufflinks-2.2.1.tar.gz)

In RNA-Seq samples, Cufflinks assembles transcripts and calculates their abundances. It
accepts RNA-Seq read alignments and compiles them into a compact set of transcripts. Based
on the number of reads that support each of these transcripts, Cufflinks then calculates their
relative abundances. We used this tool after using samtools on our 8 conditions to calculate

thelr transcript abundances [77].

Trinity (https.//github.com/trinityrnaseg/trinityrnaseg/rel eases)

Trinity allows for the effective and reliable de novo reconstruction of transcriptomes. We

used trinityrnaseg-v2.14.0 version for differential expression.

S.SELECTIONOF SIGNIFICANT DIFFERENTIALLY EXPRESSED GENES

Selection of significant differentially expressed genes has analysed in four comparisons
(control vs. replicate) i.e SRR20677775 vs. SRR20677779 (C1 vs. R1), SRR20677776 vs.
SRR20677780 (C2 vs. R2), SRR20677777 vs. SRR206777781 (C3 vs. R3), SRR20677778
vs. SRR20677782 (C4 vs. R4). In al samples log 2-fold change which is greater than 2 or
less than -2 and <0.05 FDR vaue was set for the significant Differential expression genes
fromthetotal DEG's.
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6. GOANNOTATION

The Gene Ontology (GO) is an important project that aims to organise the illustration of gene
and gene characteristics of productsin al species. To be more precise, the project's objectives
are to: 1) preserves and grows its regulated language of gene and geneproduct features; 2)
annotate genes and its products as well as absorb and distribute annotated information and 3)
Offer tools that make it ssimple to access al of the project's data and that alow for the
operative perception of experimental results using the gene Ontology, for instance through

enrichment investivation.

For GO annotation we have used GO net web-based programme (avalable at
http://tools.dice- database.org/GOnet/),which performs GO word annotation analysis on a

collection of gene orprotein entries obtained from human or mouse data.

For GO annotation figure analysis we used REVIGO, a web server caled uses a
straightforward clustering method that is based on semantic similarity measurements to
identify a subset of the GO terms in lengthy, nonsensical lists. We have used a scatterplot of
REVIGO for GO annotation.

LKEGG PATHWAY ANALYSIS

For KEGG pathway analysis, we have used KEGG pathway database which is used to study
the collection of manually drawn pathway maps which represents the molecular interactions,
reactions and relations. We used this for human diseases for the analysis of endometrial

cancer.
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CHAPTER 4

RESULTS

1.Raw data results

This table shows the available transcriptomic raw data details which has taken from NCBI.

Table: 1. The SRA ID’s and no. of reads of raw data.

Sr.no. | Condition SRAID No. of reads
1. KMT2B-overexpressing Helacell 1 | SRR20677775(1.9gb) | 21,523,877
2, KMT2B-overexpressing Helacell 2 | SRR20677776(2gb) 23,536,721
3, KMT2B-overexpressing Helacell 3 | SRR20677777(2.1gb) | 24,116,164
4. KMT2B-overexpressing Helacell 4 | SRR20677778(2.3gb) | 26,392,955
5. Control HeLacell 1 SRR20677779(2.1gb) | 23,668,276
6. Control HeLacell 2 SRR20677780 (2.3gb) | 26,215,913
7. Control HeLacell 3 SRR20677781(2.4gb) | 27,046,596
8. Control HeLacell 4 SRR20677782(2.3gb) | 26,630,730
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LEastOC ResultS

1. KMT2B -overexpressing HeLacell 1(SRR20677775)

Quality scores across all bases (Sanger / lllumina 1.9 encoding)

123456789 1519 3034 4549 6064 7579 9094 105-109 120124 135-139 150
Position in read {bp}

Fig.2.Represents Per base sequence quality. The y-axis on the graph represents quality/phred
scores and X-axis represents position in read (bp). The background of the graph divides the y-
axis into three parts. The green color represents good quality call, orange color represents call
of reasonable quality, and call with poor quality represents with red color. This graph shows
callswith good quality.

GC distribution over all sequences

700000

G00000

S0000D

400000
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i 02488 11 15 29 23 27 31 35 320 432 47 31 55 59 462 67 71 VS 79 B3 BT o1 S5 80
Mean GC content (%)
Fig.3 Represents Per sequence GC content. The x-axis represents mean GC content (%) and
y-axisrepresents no. of sequences. Blue line represents theoretical distribution and red line
represents GC count per read. This graph shows GC count per read corresponds with
Theoretical distribution which shows less deviation between these two lines and shows 48%

GC content.
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2. KMT2B -overexpressing Hela cell 1(SRR20677776)

Quality scores across all bases [Sanger / lllumina 1.9 enceding)

123456788 151% 20-34 45-48 &0-G4 75-79 20-84 105109 120-124 135-139 150
Position in read {(bp)

Fig.4 Represents Per base sequence quality. This graph shows good quality score as
quality ofbase calls lying in green region.

GC distrilbutien over all seguences

GC count per read
BODO0D Theoretical Distribut

FOLOD
GO0000
SO0000
S00000
000D
200000

100000

02468811 15 19 23 27 31 35 30 43 47 51 55 S &3 67 FI ¥ 79 83 87 91 S5 95
Mean G4 content (%)

Fig.5. Represents Per sequence GC content. This graph shows GC count per read corresponds
withTheoretical distribution which shows less deviation between these two lines and shows
48%GC content.
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3. KMT2B -overexpressing Hel a cell 3(SRR20677777)

Quality scores across all hases (Sanger / lllumina 1.9 encoding)

3G
34
32
3k
28
26
24
22
20
13
15
14
12

10

1 2345678 % 151% 20-34 45.49 &0-64 7579 2004 105109 120-124 1325139 150
Position in read (bp)

Fig.6.Represents Per base sequence quality. This graph shows good quality score as quality
of base calls lying in green region.

GC distribution over all sequences

count per read

Thearetical Distribution
{=futula]utl
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S0000D

00000
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24858 11 15 1% 23 27 31 35 20 43 47 351 55 58 &3 87 71 Y5 79 B3 87 81 S5 896
Mean GC content [%)

Fig.7 Represents Per sequence GC content. This graph shows GC count per read corresponds
with Theoretica distribution which shows less deviation between these two lines and shows
48% GC content.
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4. KMT2B -overexpressing Hel.a cell 4(SRR20677778)

Quality scores across all bazes (Sanger / llumina 1.9 enceding)

G
34
32
]
23
26
24

5

20
18
16
14
12
10

1 23 45878 5% 1319 30-34 45-45 a0-G4 7379 094 105109 120-124 135-139 130

Fig.8. Represents Per base sequence quality. This graph shows good quality score as quality
of base calls lying in green region.

GC distribution over all sequences
GC count per read

900000 Thearetical Distribution
800000
700000
S00000
500000
400000
00000

200000

1300030

2468 11 15 18 23 27 31 35 320 43 47 51 55 S8 &3 87 71 TS 79 B3I 87 8l 85 96
Mean G content (%)

Fig.9. Represents Per sequence GC content. This graph shows GC count per read corresponds
with Theoretical distribution which shows less deviation between these two lines and shows
48% GC content.
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5. Control HeLacell 1 (SRR20677779)

Juality scores acress all bazes [(Sanger [ lllumina 1.9 encading)

kL
34
32
30
28
28
24
22
20
13
15
14
12

10

1 23 45 8678 % 15189 20-34 45-49 S0-54 72-79 2004 105108 120-124 135-13% 150

Bnchinn im road Thnd

Fig.10. Represents Per base sequence quality. This graph shows good quality score as quality
of base calls lying in green region.

GC distribution over all sequences

C count per read

Thraretical Distribution

Ga000D

500000

QD0
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g24688 1) 15 19 23 27 21 33 20 42 47 31 55 59 &3 87 Tl ¥ 79 83 27 91 S5 90
Mean G content (%)

Fig.11 Represents Per sequence GC content. This graph shows GC count per read
corresponds withTheoretical distribution which shows less deviation between these two lines
and shows 48% GC content.
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6. Control HeL a cell 2 (SRR20677780)

Quality scores across all bases (Sanger / lllumina 1.9 enceding)

L+
34
a2
el
28
25
24
22
20
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14
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10

123458768 9% 1519 32034 4549 &0-64 7579  S0-H4 105.109 120-124 135139
Position in read (bp)

Fig.12 Represents Per base sequence quality. This graph shows good quality score as quality
of base calls lying in green region.
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Fig.13 Represents Per sequence GC content. This graph shows GC count per read
corresponds with Theoretical distribution which shows less deviation between these two lines
and shows 48% GC content.
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7. Control HeLacell 3 (SRR20677781)

Qualty scores across all bazes [Sanger / llumina 1.9 encading)

36
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Position in read {bp)

Fig.14. Represents Per base sequence quality. This graph shows good quality score as quality
of base calls lying in green region.

GC distribution over all sequences
GC count per read

=Logululese] Thearetical Distribution
BOD0OD
FODOCD
G000
S30030
400000
30030

200000

100000

2468 11 15 19 23 27 31 35 20 42 47 51 55 589 &3 67 71 S 79 83 87 91 95 90
Mean GO content (%)

Fig.15. Represents Per sequence GC content. This graph shows GC count per read
corresponds withTheoretical distribution which shows less deviation between these two lines
and shows 48% GC content.
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8. Control HeL acell 4 (SRR20677782)

Quality =cores across all bazes (Sanger [ lllumina 1.9 enceding)

1 2345 867 859 1518 20-24 45-49 a0-64 75-79 2004 105109 120-124 135

Fig.16. Represents Per base sequence quality. This graph shows good quality score as quality
of base calls lying in green region.
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Fig.17. Represents Per sequence GC content. This graph shows GC count per read
corresponds withTheoretical distribution which shows less deviation between these two lines
and shows 48% GC content.
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Table 2. Represents the Base sequence quality, Over-represented sequences and GC%
content of all conditions. All conditions have good quality score as their calls are lying on
green region of graph. For over-represented sequences it is shown that there is no over-
represented sequences in al conditions. GC% content is 48% for all conditions but except
for control heLacell 3 is49%.

Condition Base sequence | Over-represented GC% content
quality sequences

KMT2B - | PASS PASS 48%

over expressing

HeLacdl 1

KMT2B - | PASS PASS 48%

over expressing

HelLacdl 2

KMT2B - | PASS PASS 48%

over expressing

HelLacdl 3

KMT2B - | PASS PASS 48%

over expressing

HelLacedl 4

Control heLacdl 1 | PASS PASS 48%

Control heLacell 2 | PASS PASS 48%

Control heLacell 3 | PASS PASS 49%

Control heLacell 4 | PASS PASS 48%
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3.Clean Data Results

These results are obtained after trimming the al data by removing the adapters with the help
of trimmomatic tool.

Table 3. Showstotal sequences of al conditions

Condition Total sequence
KMT2B -overexpressing HeLacell 1 21523877
KMT2B -overexpressing HeLacell 2 23536721
KMT2B -overexpressing HeLacell 3 24116164
KMT2B -overexpressing HeLacell 4 23392955
Control heLacell 1 18634381
Control heLacell 2 26215913
Control heLacell 3 27046596
Control heLacell 4 26630730

4. Alignment Results

When we got trimmed reads after trimming, we aligned our reads of all conditions to
reference genome to get overall aignment rate. This results shows that how much of our data
matches with our reference human genome (GRCh38.p14).

Table 4. Represents the overall alignment rate of all condition after mapping

Condition Overall Alignment rate
KMT2B -overexpressing HeL a cell 1 73.25%
KMT2B -overexpressing HeL a cell 2 74.61%
KMT2B -overexpressing HeL a cell 3 72.66%
KMT2B -overexpressing HelL a cell 4 74.04%
Control HeLacell 1 72.94%
Control HeLacell 2 71.99%
Control HeLacell 3 77.96%
Control HeLacedll 4 70.85%
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5.Differentially Expressed Genes Results

We found 72,157 total DEG’s, out of them 4,005 are significant DEG’s. From total
significant DEG’s 1,747 are upregulated genes and 2,257 are downregulated DEG’'s. We
selected these genes on the basis of logFC value which is greater than 2 or less than -2 and
FDR value which is <0.05.

6.VENNY Results

These results shows the number and percentage (%) of similar genes which are present in our
4 samples i.e control vs. replicate (SRR20677779 vs. SRR20677775, SRR20677780 vs.
SRR20677776, SRR20677781 vs. SRR20677777, SRR20677782 vs. SRR20677778).

Sample 1 (SRR20677779 vs. SRR20677775)
Sample 2 (SRR20677780 vs. SRR20677776)
Sample 3 (SRR20677781 vs. SRR20677777)
Sample 4 (SRR20677782 vs. SRR20677778)

Sample 3

Sample 2

Sample 1

Fig. 18. Represents similar genesin al samples
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Z.GO Annotation Results

Sample 1(SRR20677779 vs. SRR20677775)

Tableb5a. Top 5 biological process in which maximum genes are involved

Biological process No. of genes
Anatomical structure development 232
Signal transduction 201
Cell differentiation 161
Transport 151
Response to stress 115

Table5b. Top 5 Molecular function in which maximum genes are involved

Molecular function No. of genes
ion binding 223

enzyme binding 80
DNA-binding 74

Binding of transcription factor activity 63
transmembrane transporter action 47

Table5c. Top 5 Cdlular component in which maximum genes are involved

Cellular component No. of genes
Cdll 539
Intracellular 450
Organelle 408
Cytoplasm 389
Plasma membrane 244

Sample 2 (SRR20677780 vs. SRR20677776)

Table5d. Top 5 Biological process in which maximum genes are involved

Biological process No. of genes
anatomical structure development 137

signal transduction 125

Cdll differentiation 100
Transport 85
Responseto stress 73
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Table5e. Top 5 Molecular function in which maximum genes are involved

Molecular Function No. of genes
ion binding 128

enzyme binding 44

DNA binding 40

Binding of DNA transcription factor activity | 35

transmembrane transporter action 30

Table 5f. Top 5 Cellular component in which maximum genes are involved

Cellular component No. of genes
Cdll 306
Intracellular 247
Organelle 225
Cytoplasm 210
Plasma membrane 157

Sample 3(SRR20677781 vs. SRR20677777)

Table5g. Top 5 Biological process in which maximum genes are involved

Biological process No. of genes
Anatomical structure development 149

Signal transduction 148

Cdll differentiation 111
Transport 104

cellular protein modification process 89

Table5h. Top 5 Molecular function in which maximum genes are involved

Molecular Function No. of genes
ion binding 182

DNA binding 71

DNA binding transcription factor activity 59

Enzyme binding 53

Cytoskeletal protein binding 30

Table5i. Top 5 Cellular component in which maximum genes are involved

Cellular component No. of genes
Cell 427
Intracellular 361
Organelle 330
Cytoplasm 284
Nucleus 183
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Sample 4(SRR20677782 vs. SRR20677778)

Table5j. Top 5 Biological process in which maximum genes are involved

Biological process No. of genes
Signal transduction 196
Immune system process 189
Transport 164
Responseto stress 133
Anatomical structure develop 126

Table5k. Top 5 Molecular function in which maximum genes are involved

Molecular Function No. of genes
ion binding 138

enzyme binding 61

Enzyme regulator activity 36

Lipid binding 34

Cytoskeleton protein binding 31

Table5l. Top 5 Cellular component in which maximum genes are involved

Céellular component No. of genes
Cell 378
Intracel lular 308
Cytoplasm 287
Organelle 281
Plasma membrane 222

By using Revigo biotool, where the input was GO_term_ID (eg. GO: 0005623, GO:0005622,
G0:0043226) with the default parameters, this input gave GO annotation results as an
output in three different typesBiological process, Molecular function, Cellular component
This biotool was run for 4 different samples. The output was obtained in the form of
scatterplot where the different sizes of black dots are seen, whereas these black dots
represents the different genes of sample. Where it is seen that the different size of black dots
are on the basis of log size. Each sample had different logsizes. It has been analysed the

majorly involved genes have the larger log size those are represented in following figures.
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LKEGG PATHWAY ANALYSIS
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Fig.31. The pi3k-Akt signaling pathway represents EGF (Epidermal growth factor) and

Casp9 (Caspase 9) genes that are involved. These genes are upregulated in this pathway. A

number of signaling pathways, including

the PI3K-Akt process, are activated by the

epidermal growth factor (EGF). This pathway is crucia in cell survival and proliferation, its

deregulation can support the development of cancer. The role of Casp9 is to kill cancerous

cell by apoptosis. If it getsfailsto get activated then this leads to some disorders and cancer.
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DISCUSSION

KMT2B has received more attention in recent years due to its critical function in
accumulating H3K4me3 at promoters that activate expression of gene, which justifies its
extensive participation in numerous disease processes. The development and spread of
several malignancies, including breast cancer, liver cancer, and colon cancer, have been
linked to the KMT2B-H3K4me3 axis. A prior investigation in the setting of CC reveded that
H3K4me3 expression was present in nearly all Cervical cancer tissues (96.8%), and that
higher H3K4me3 expression was associated with aworse outlook for cervical cancer patients,
suggesting a significant role for H3K4me3-mediated epigenomic control in cervical cancer.
The function of KMT2B in CC, however, has not been examined. For the first time, the
current study concentrated on KMT2B's function in CC. We have done RNA- sequencing
analysis of KMT2B overexpressing hela cellswith heLa cells as control by NGS.

In FastQC, al condition’s phred score was good as base calls were lying on green region of
graph. The phred score was above 30 which showed that all conditions had good quality.
FastQC checks another parameters also for further anaysis. If any parameter fails to give
good quality then these parameters are corrected by trimming of data. In our further analysis,
we got overal aignment rate with respect to reference that was 70 % above which
determines that our data matches with the human reference genome. We found significant
differentially expressed genes with four comparisons (control vs. replicate) viz.,
SRR20677779 vs. SRR20677775 (C1 vs. R1), SRR20677780 vs. SRR20677776 (C2 vs. R2),
SRR20677781 vs. SRR20677777 (C3 vs. R3), SRR20677782 vs. SRR20677778 (C4 vs. R4).
We have done GO annotation for al significant DEG’s and out of them it was decided to
focus on 24 genes that have a major impact on cancer and that exhibit considerable alterations
in for PI3K-Akt signaling pathway. The genes were (CSF3R, SYK, EGF, ITGB3, IGF2,
OSM, TGFA, LAMC2, FGF1, IL2RG, THBS1, PIK3CG, PGF, CASP9, GNG2, DDIT4,
EIF4, EBP1, GNB3, ITGA7, PIK3AP11, IL7R, TLR4, JAKS3, TLR2). From these genes,
only 2 genes were upregulated and involved in the PI3K-Akt signaling pathway. The genes
were EGF (Epidermal growth factor), and Casp9 (caspase 9). It has been seen studied that
when EGF activates PI3K then it do not binds to PIP3 which dysregulates the PI3kK/AKT
pathway and causes cancer. When EGF regulates the PTEN (Phosphatase TENsin Homolog)
then it converts PIP3 to PIP2. This will suppress the effect of cancer and regulates the
caspase9 which further able to do its function by removing cancerous with the help of the
apoptosis process. In this pathway, PTEN acted as atumor suppressor gene.
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CONCLUSION

The current analysis revealed that KMT2B is increased in Cervica cancer cells and
connected to a bad prognosis. Additionally, it demonstrated that KMT2B increased EGF, and
Cas9 levels to promote CC cells angiogenesis and metastasis. This also suggested that
KMT2B, EGF, and casp9 has a therapeutic value to treat cervical cancer by acting as possible
biomarkers for cervical cancer propensity as well as grading the prognosis of the disease at
different stages. Designing new therapeutic targets for these genes will benefit from further
research on the mechanism of their interaction in the context of the KMT2B background.

From this study, the role of KMT2B has been cleared in cervical cancer.
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