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ABSTRACT

This study is focused on the prediction and association of the protein methyltransferases
(PMTs) in malignancies. PMTs are the groups of enzymes that help to catalyze the transfer of
a methyl group from universal methyl donor S-adenosyl-L-methionine (SAM) to its
substrates. This group of enzymes plays a significant role in the epigenetic regulation of gene
expression through the methylation of various substrates. PMTSs target the lysine or arginine
residues for the methylation of their protein substrates. Based on methylation activity it is
divided into two major classes such as protein lysine methyltransferases (PKMTSs) and protein
arginine methyltransferases (PKMTSs). Over the years, protein methylation has appeared as an
important post-translational modification (PTM) event and is involved in various cellular
processes. Dysregulation of methyltransferases is involved in different types of human
cancers. However, in light of the well-recognized significance of PMTs, it becomes crucial to
have reliable and fast methods for identifying these proteins. In this thesis, a machine-
learning-based method was developed for the identification of PMTs. Various sequence-based
features were calculated and model training was performed by using several machine-learning
algorithms. A ten-fold cross-validation method was applied to train the models. The proposed
SVM-based CKSAAP model was identified as the best model for the prediction of PMTs. The
best model achieved the highest accuracy of 87.94% with balance Sensitivity (88.8%) and
Specificity (87.11%) with MCC of 0.759 and AUROC of 0.945. The best model was
implemented in standalone software of PMTPred that will facilitate to predict PMTSs. In the
recent decade, protein lysine methylation events got more attention from researchers globally.
SMYD2 is a protein of the SMYD (SET and MYND domain) family having lysine
methyltransferase activity that methylates both histones and non-histones proteins. Numerous
tumor suppressor non-histone proteins such as p53, RB1, ERa, and PTEN get methylate
through SMYD2 and lead the cancer formation. The emerging evidence supports the
association of SMYD?2 in the progression of cancers but remains mostly unknown. Therefore
further in this study, we computationally analyzed the potential association of SMYD2 in
multiple tumors using TCGA data. The results elucidated that a higher expression of SMYD2
was present in tumor tissues as compared to normal tissues in most cancers. A significant
association was observed between the SMYD2 gene expressions and the survival of cancer
patients. The prognostic analysis showed a strong association of SMYD2 with cancers. We

detected 15 missenses, 4 truncating mutations, and 5 others. Gene ontological properties and



pathways were found to be significantly linked to the development of cancer. These data-
driven results provide a relatively comprehensive insight into the understanding of the
association of SMYD2 with cancer patients and its correlation with prognosis. There are many
mutations in SMYD2, and some of them are thought to have a significant impact on the
enzymatic activity of methyltransferase. Missense mutations are single amino acid point
mutations that can have a variety of effects depending on the mutation site and the consequent
amino acid substitution. So here, we assessed the nsSNPs in SMYD2 and investigated their
structural and functional consequences using a rigorous computational method. Out of the 264
nsSNPs, three nsSNPs (H207D, C209W, and C209R) have the most deleterious impact.
According to a molecular dynamics simulation (MDS) study, these mutations have a greater
effect on the SMYD2 protein structure and function. Furthermore, SMY D2-specific inhibitors
were identified to design targeted therapy strategies. A total of 98071 small natural
compounds were taken and virtual screening was performed with SMYD?2 as a target protein.
Based on the binding energy cut-off of >= -11.7 Kcal.mol™ total of 391 potential compounds
were selected for ADMET analysis. Based on ADMET parameters, nine compounds were
selected that fit the drug-likeness standard for docking analysis. Finally, three compounds
(ZINC03844862, ZINC08490711, and ZINC08764231) were selected as probable inhibitors
based on docking score and interaction analysis between protein and ligands. Then 100 ns
MDS study was performed and the results revealed that selected compounds with the SMYD2
structure had a stable binding. Finally, these three compounds were identified as a potential
lead compounds. The in vivo and in vitro research for these compounds could be viable leads
for developing cancer treatments. Thus, from this thesis work we concluded that the
developed prediction method, identified novel SMY D2-specific nsSSNPs and ligands would be
useful for improved understanding and for aiding better cancer therapeutics.
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1.1 INTRODUCTION

Protein methyltransferases (PMTSs) help to catalyze the transfer of a methyl group to their
substrate with the help of universal methyl donor S-adenosyl-L-methionine (SAM). This
family of enzymes is important for epigenetic regulation because they can methylate a wide
range of substrates, including DNA, RNA, protein, and small-molecule secondary metabolites
[1]. Methylation caused by protein has appeared as a critical post-translational modification
(PTM) which regulates a variety of physiological activities for example transcription, pre-
mMRNA splicing, protein synthesis, protein localization, signal transduction, DNA repair, and
apoptosis [2]. According to the activity of methyltransferases, PMTs are distributed into two
groups based on their methylation activity: 1) protein lysine methyltransferases (PKMTS),
which methylate lysine residues and 2) protein arginine methyltransferases (PRMTs) that

methylate the arginine residues of their protein substrates.

PKMTs are divided into two categories: those with Suppressor of variegation, Enhancer of
Zeste, Trithorax (SET) domain, and those without SET domain [3], [4]. Both are capable to
methylate the residue of lysine as mono (mel), di (me2), or tri (me3) methylation on its
omega-amine group. PRMT is a methyltransferase that catalyzes arginine methylation.
Arginine can be methylated on omega-amino groups as monomethylated (MMA; Rmel),
symmetric dimethylarginine (SDMA; Rme2s) or asymmetric dimethylarginine (ADMA,
Rme2a) [5]. PKMTs and PRMTs can methylate nonhistone proteins in addition to histones
[6]. PKMTs play a key role in both normal physiology and the disease environment [7].
Dysregulation of PRMTs is connected to a series of diseases such as cancers, cardiovascular,
and pulmonary diseases [8]. PMT inhibitors have been developed as chemical probes and
medicinal agents with great success. These tiny chemical inhibitors are crucial in
understanding the biological roles and disease progressions of the enzymes they target.
According to the reports, several PKMTs are related to human malignancies. There are
multiple PKMT families with various key enzymes as targets for the development of anti-
cancer therapy [9]. The SET and Myeloid-Nervy-DEAF1 (MYND) domain (SMYD) protein
families have gotten a lot of interest recently since of their probable role in cancer
progression. The SMYD family has five members (SMYD1, SMYD2, SMYD3, SMYD4, and
SMYD?5), who are all engaged in biological processes like gene expression and regulation.
SMYD?2 is extensively expressed in cancer and plays a crucial role in cancer genesis and

progression [10].
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The SMYD2 and SMYD3 proteins are well characterized. Recently, SMYD2 has also become
an important target to cure cancer [11]. In addition, H3-K4 and H3-K36me2 in histone lysine
methylations, SMYD2 is believed to modulate the function of tumor suppressors over its
methylation of retinoblastoma (RB1) at K860 and p53 at K370 [10], [12], [13]. The
monomethylation of these two eminent genomic guardians causes their functions to mediate
apoptosis and stop cell cycle progression. The clear role of SMYD2 in tumorigenesis has not
been determined, but the ability of SMYD2 to methylate proteins involved in cancer
progression provides potential mechanisms for its putative tumorigenic function [14].
Therefore, due to its close relationship with various human cancers, SMYD2 has gained

attention because of its feasible target for human cancer therapeutics.

The objective of my thesis is to develop a prediction method for PMTs using machine
learning, the oncogenic role of PKMT protein SMYD2, and polymorphism analysis along
with novel inhibitor identification of SMYD2 protein from the class of PKMT. The first
chapter of my thesis presents a prediction method for PMTs using machine-learning
techniques. In chapter two, we have performed integrative investigation to identify the
oncogenic role of SMYD2 in multiple cancers using TCGA data. In chapter three, the
structural and functional impact of SMYD2-associated nsSNPs is performed. Finally, in

chapter four, we have identified SMY D2-specific inhibitors through in silico means.

1.2 Cancer as a public health burden

Cancer has become a main community health problem and the prominent cause of death
globally. Due to the increase in incidence and mortality each year, cancer turns out to be a
serious health problem worldwide. Cancer is a leading cause of morbidity and mortality in all
countries of the world (Figure 1.1). It is measured as the second prominent cause of death
after cardiovascular diseases [15]. According to the latest WHO 2020 press release, 19.3
million new patients were diagnosed with cancer (Figure 1.1A) and nearly 10.0 million deaths
occurred (Figure 1.1B) due to cancer worldwide, and 1.3 million new cases (Figure 1.1C) and
0.85 million deaths (Figure 1.1D) have occurred in India by 2020. Cancer incidence rates are
growing rapidly globally. The burden of cancer is projected to be 28.4 million cases in 2040
worldwide [16]. This is mainly due to the constant aging of the populations in both
developing and developed countries. Most of the increase is expected to be concentrated in

developing countries such as India due to heavy smoking, poor diet, lack of physical activity,
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and environmental pollution. In 2020, top cancer that is frequently diagnosed in India is breast
cancer (10.6%) followed by lung cancer (11.4%) [16] (Figure 1.1C).
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Figure 1.1: Cancer incidence and mortality statistics for the most occurring cancer worldwide

and in India by 2020 for both sexes including all ages. (A) The number of new cancer cases

worldwide (B) The number of death worldwide (C) A number of new cases in India (D) A

number of deaths in India. Source: Globocan 2020 (https://gco.iarc.fr/).

1.3 Genetic abnormalities in cancer

Cancer is a collection of genetic diseases which is caused by certain changes in the gene that

controls the function of a cell. These genetic changes promote cancer. The increased

alterations in the parameters of genetics and epigenetics boost oncogenesis which has a

positive correlation to the diagnosis of cancer patients. PMTs are the important group of an

enzyme that catalyzes the methylation of site-specific lysine or arginine residues on

nonhistone or histone proteins. In the chromatin regulation of the gene transcription pathway,

site-specific methylation histone protein plays a key element that is inherently changed in
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cancers [17]. Oncogenic changes such as mutations, and chromosomal translocations of
PMTs, or other allied proteins, have an exclusive addiction of cancer cells to the action of
PMTs [18]. It is reported that in specific human cancers, both PKMTs and PRMTs are
genetically altered [19]. Alterations of these enzymes interrupt the catalytic activity that can
lead the pathogenesis in the cell. For example, in any specific PMTs, alterations in the
enzymatic activity lead to the transcription of oncogenes by the mechanism of
hyperproliferative, tumorigenic phenotype [20]. Multiple examples of genetic alterations are
available in PMTs with a specific cancer type. These alterations have been established as a
potential cancer driver in some cases [19]. The important structural features that play a key
role in the catalysis activity of the PMTs make these enzymes more suitable for the inhibitors

identification to combat the cancer progression.
1.4. Protein Methyltransferases

Histone methylation was well-known histone PTM and was first discovered in 2000 [21]. It
was widely regarded as a permanent modification before histone demethylase was first
revealed in 2004 [19]. PMT-catalyzed histone methylation is the most essential and well-
studied PTM because it is associated with an extensive variety of biological processes,
containing transcriptional control, maintenance, and formation of heterochromatin, X-
chromosome inactivation, DNA repair, and RNA maturation [7]. Many nonhistone proteins
have been demonstrated to be targeted by PMTs [23], [24].

PMTs are a group of enzymes that help to enhance one or more methyl groups to add a
diversity of substrates, containing protein, DNA, RNA, and small molecules. Due to their
enzymatic action on histone molecules and their capability to modify the transcriptional
regulation, a subset of proteins that act on the side chains of lysine and arginine are classified
as the target for epigenetics. Methyltransferase is one of the most common types of epigenetic
enzymes, and it is an active research topic in the industry as well as academia. Recently,
several putative epigenetic enzymes have been discovered and the catalytic activity and three-

dimensional structures of some of them have been determined [25], [26].

In humans, PMTs are one of them, which help to catalyze the methylation of lysine or
arginine residues in proteins. The largest writer enzyme class that operates on protein
substrates is found in PMTs [1]. It is generally understood that epigenetic target dysregulation

can result in pathogenic alterations that contribute to human disease [27]. To discover and
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design a new drug, PMTs are of great significance. The role of these enzymes is essential to
controlling the regulation of gene, and a large amount of biological and biochemical data has
suggested that the activity of these enzymes are associated with cancer progression [28], [29].
Several human PKMTs and PRMTs are closely related to various human cancers. Several
studies indicated that in addition to cancer, both the PKMTs and PRMTs are associated with
several other human diseases [30], [31]. As a result, PKMTs and PRMTs have become
exciting targets for drug discovery, so the identification of PMT inhibitors has been
progressively sought in the past era.

1.4.1 PMT mechanism and specificity

To understand the structure of PMTs, the mechanism of these enzymes needs to be
understood. All PMTs need two enzyme catalytic substrates, S-5-adenosyl-L-methionine
(SAM) and the target methylated residues. PMTs catalyze the transfer of methyl groups from
the SAM to its substrate protein. SAM binds to protein and produces S-adenosyl
homocysteine (SAH) by transferring the methyl group to the arginine or lysine residue of the
protein substrate. The SN2-based reaction mechanism is utilized in the transfer of the methyl
group (Figure 1.2A). The PKMT enzyme used a hydrophobic narrow channel in the SET
domain to bind with lysine resides and use carbon oxygen-hydrogen bonds to locate the N-
terminal a-amino acid [32]. In the process of deprotonation incidence of the PKMT enzyme,
water molecules play a significant role [33]. PRMT-substrate enzyme complex does not have
a preserved water molecule for the process of deprotonation on the side chain of arginine
residue [34].

Lysine can covalently connect with unmodified, one, two, or three methyl groups in four
different methylation states. Monomethylated, dimethylated, and unmodified arginine are all
possible methylation states. When arginine residues are dimethylated, the geometry can be
symmetric or asymmetric (Figure 1.2B). Single or different enzymes can take parts in addition
to more methyl groups to the targeted residues of protein [22]. The methylated residues of
arginine or lysine do not change the charge of the residues but alter the protein hydrophobicity
and bulkiness, therefore they affect the recognition of methylated protein through protein-
protein interactions by methyl-lysine/arginine readers. The reader proteins recognize the mark
of lysine or arginine methylation through a specific signal generated by it [6]. Based on the

methylation activity of targeted residues, PMTs can be mainly divided into two classes i.e.
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protein arginine methyltransferases (PRMTSs) and protein lysine methyltransferases (PKMTSs)
[21]. Although PMTs have similar sequence and structural properties to catalytic domains of
arginine or lysine residues, their sequence and structure differ significantly. Some PMTs, such
as the SMYD protein family, are globular proteins, while others have numerous different

domains [4].
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Figure 1.2: (A) Methylation mechanism of nonhistone and histone proteins by PRMTs and
PKMTs (B) Different states of methylation in the residues of lysine and arginine. (Adopted
from [21]).

1.5 Protein arginine methyltransferases

PRMT enzymes are engaged in an extensive variety of cellular communication processes in
the eukaryotes. Along with the acetylation, phosphorylation, and glycosylation, methylation
of protein arginine is a crucial and well-studied post-translational modification (PTM)
[33],[34]. Arginine establishes five possible hydrogen bonds through their adjacent hydrogen
bond acceptors with the help of the guanidinium group. Thus, each methylated arginine
avoids forming a possible hydrogen bond, increasing hydrophobicity, and creating steric
bulkiness [37]. The methylated arginine residues are very crucial in the recognition of protein
and to make changes in its physiological functions [38]. The methylation of PRMT affects
various biological processes such as transcriptional regulation, DNA repair, signal
transduction [38], viral infection [39], chromatin remodeling [40], and differentiation of
neuronal cells [41]. The molecular mechanism of these events confirms that methylated
residues of arginine have the capacity to boot or interrupt the convinced interactions such as
protein-DNA, protein-RNA, and protein-protein interactions. Of the three domains of PRMT
proteins, one is similar to the Rossmann fold called the methyltransferase domain (MTase
domain) which contains all residues required for SAM binding. The structure of this domain
remains conserved. The second domain is the g-barrel of PRMT enzymes, while the third is
the dimerization domain [42]. The substrate peptide binding pocket is found at the edge
between the p-barrel and MTase domain [34], [43].

1.5.1 PRMT classes and activities

In humans, there is a total of eleven PRMT isoforms named PRMT1-11 (Figure 1.3) have
been discovered and their orthologs are present in Drosophila melanogaster, Caenorhabditis
elegans, protozoa, yeast, fish, and plants. Based on the methylation activity, PRMTs are
categorized into three subcategories such as PRMT 1, Il, and Il [44]. PRMT type I, contains
PRMT1, PRMT2, PRMTS3, and PRMT4, (also known as CARML (coactivator-associated
arginine methyltransferase 1)), PRMT6, and PRMTS8 that help to catalyze the arginine
residues as asymmetric dimethylation and monomethylation. The type Il PRMTs cover the

PRMT5 and PRMT9 which helps to catalyze the arginine residues via monomethylation and

Arvind Kumar Yadav, Ph.D. Thesis, Jaypee University of Information Technology, 2022 7



Chapter- 1

symmetrical dimethylation [45]. In type IIl PRMT, the only family present is PRMT7 and it
catalyzes only the arginine monomethylation. Two putative PRMT genes such as PRMT10
and PRMT11 have also been identified, but they have not shown any methylation activity yet
[44], [45]. The diversity of these enzymes demonstrates the biological significance of arginine
methylation in both the animal and plant kingdoms. Studies reported that the methylated
protein arginines have been associated with carcinogenesis [44], multiple sclerosis [48], viral
pathogenesis [49], spinal muscular atrophy [50], cardiovascular disease [51], and lupus [38].
Hence, the interpretation of the mechanism and regulation of these enzymes will demonstrate

valuable.
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Figure 1.3: The schematic diagram for domains present in human PRMTSs.

PRMTs are associated with the transfer of methyl group from AdoMet/SAM to a protein
substrate of a positively charged arginine residue in a protein substrate, and AdoHcy/SAH
molecule produced in the process. PRMT type | (PRMTL, 3, 4, 6, and 8) help in the catalysis
of the production of asymmetric dimethylarginine (ADMA) and monomethyl arginine
(MMA) by transferring a methyl group from SAM onto protein arginine residues, while
PRMT type Il enzymes (PRMT5 and 7) produce MMA and symmetric dimethylarginine
(SDMA) (Figure 2). Whether a protein is dimethylated asymmetrically or symmetrically has
opposing physiologic implications [44]. All PRMT proteins have 310 amino acids with a

conserved core region. Basically, they have N-terminal additions, whereas CARM1 has C-
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terminal additions [52]. The PRMT monomeric structure has an MTase domain, a unique 3
barrel, and a dimerization arm. PRMT type | has a homodimeric structure from head to tail.
The dimerization arm of one monomeric subunit that extends out to the -barrel interacts with
another Rossman fold subunit [50], [51]. Generally, PRMTs methylate the Glycine and
arginine-rich (GAR) motifs with the exemption of CARML1, which helps to methylate glycine-
, methionine-rich (PGM), and proline- motifs [54], [55]. PRMT5 can also symmetrically
dimethylated both of these motifs [302]. Both nonhistone and histone proteins can be
methylated by the PRMTs [28], [35], [38], [56]. Cancer and other disorders have been linked
to PRMT and dysregulation and arginine methylation [35], [44].

1.5.2 Biological functions regulated by PRMTs

Gene transcription is regulated by histone proteins through a variety of PTMs, containing
lysine methylation, acetylation, phosphorylation, SUMQylation, and ubiquitination [57], [58].
Previous PRMT research has focused on their epigenetic effects. PRMTs help to make
methylated arginine on nucleosomes, and the methylated arginine assists as important
epigenetic markers [59], [60]. The epigenetic reader proteins are used to recognize the
epigenetic modifications that lead to the staffing of repressing or activating the machinery for
the transcriptional event. Besides histone proteins, PRMTs are involved in the methylation of
several other proteins associated with the transcription process including coactivators,
corepressors, and transcription factors (Figure 1.4) [61]. Therefore, PRMTs also take part in
specific the transcription regulation process. Several RNA-binding proteins (RBPS) possess
RGG/RG-rich protein motifs which have been recognized as typical consensus sequences of
PRMTs [62]. Proteomic and theoretical insights analysis of shown that PRMTs methylate
various RBPs and these alterations are crucial for translation processes, RNA localization, and
MRNA splicing [63]. In addition to the regulation of gene expression, PRMTSs are engaged
with a collection of physiological processes, for example cell signaling, cell cycle regulation,
and DNA damage response [64].

1.5.3 Association of PRMTSs in cancer

The PRMT family is one of the important groups of PTM enzymes, and it has a different set
of substrates, such as tumor suppressor genes, oncogenes, and histones. Additionally, PRMTs
have shown abnormal expression in various human cancers hence these enzymes are

considered significant therapeutic targets [62]. In the PRMT family, PRMT1 is one of the
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crucial enzymes that contribute nearly 90% of the total activity of arginine methylation in

Genetic
Mutations

oo

mammalian cells [65].

| MMA, ADMA, SDMA |

H3: R2me2a(s), R8me2a(s), R17me2a, R26me2a, C/EBPa, FOXO1, GLI1/2, Sm proteins, hnRNPs,
R42me2a EGFR, CRAF, p65/RelA, Smad6/7, INCENP, CDK4,
H4: R3me2a(s) H2A: R29me2a p53, RUVBL1, 53BP1, BRCA1, PRMTs, etc.

v

Cellular Responses

histone code mRNA processing growth factor signaling DNA damage response
epigenetic memory alternative splicing cell cycle regulation genomic instability
transcription translation mitotic regulation

Figure 1.4: Histones and nonhistone proteins are methylated by PRMTSs, which play a role in
a variety of cellular responses and assist to maintain the cellular homeostasis in various
biological systems. The developmental and pathogenic processes, various environmental
factors, and genetic mutations are intricate in the regulation of PRMTs expression and
activity. (Adopted from [62]).

As shown in Table 1.1, Hwang et al. summarised the dysregulation of PRMT1 expression and
its relationship in diverse human carcinomas [62]. The role of PRMT?2 in cancer is still up for
debate. The oncogenic association of PRMT2 with glioblastoma has been reported in previous
studies. Its increased gene expression is associated with tumor grade. Several studies have
illustrated that the level of CARML1 is prominent in androgen-resistant prostate cancer [66],
[67] in addition to violent breast tumors [68]. CARML1 is overexpressed in colorectal cancer

but not in breast or prostate cancer, according to another study [69]. It is a well-known
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positive ER-regulator that is required for the production of estrogen-response genes by
methylating arginine at histone H3 promoters [70]. It has been reported that PRMT5 has
shown an important role in carcinogenesis and evolving as the most favorable target for
various blood and solid cancers. In several cancer types the dysregulation or higher expression
of PRMT5 has been detected [77,78,79,80,81,82,90]. PRMT?5 affects the repression of gene

expression by direct modification of histone H3 and H4 [73].

Table 1.1: Role of PRMTSs and their association in cancer progression.

PRMTs Expression | Function Associated cancer Reference

PRMT1 High Oncogenic Breast, Pancreatic, Colorectal, Lung, | [74]-[76]
Hepatocarcinoma, Melanoma, Head and
neck cancer, Esophageal squamous-cell
carcinoma

PRMT2 High Oncogenic Breast and glioblastoma cancer [72], [73]

Low Tumor suppressive Breast cancer [79]
PRMT3 High Oncogenic Pancreatic cancer [80]
CARM1 High Oncogenic Breast, Colorectal, Ovarian, Acute myeloid | [68], [81]-[85]

leukemia cancer

High Tumor suppressive Breast, [86]
Low Tumor suppressive Pancreatic, Hepatocarcinoma [87]
PRMTS High Oncogenic Lymphoma, Leukemia/lymphoma, Diffuse | [70], [75],
large B-cell lymphoma, Acute myeloid | [83]-[86],
leukemia, Breast, Lung, Prostate, Gastric, | [86]-[96]
Hepatocarcinoma, Pancreatic, Colorectal,
Melanoma, Glioblastoma, and Bladder
cancer
PRMT6 High Oncogenic Gastric, Endometrial, and Lung cancer [102]-[104]

Low Tumor suppressive Hepatocarcinoma [105]
PRMT7 High Oncogenic Breast, Lung Non-small cell lung | [106], [107]
carcinoma, and Renal cell carcinoma
PRMT9 High Oncogenic Hepatocarcinoma [108]

PRMTS5 expression of cancer-specific miRNAs linked to epigenetic control is linked to tumor
growth, progression, and metastasis. Through methylation of arginine residues in several
tumor suppressors and oncoproteins, PRMT5 plays a role in carcinogenesis [62]. In general,

aberrant methylation of histone and non-histone substrates caused by PRMTS'
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methyltransferase activity results in altered chromatin epigenetic modification, which affects

the expression of tumor suppressor genes or oncogenes and promotes cancer (Table 1.1).

1.6 Protein lysine methyltransferases

The protein from PKMTSs group contain a conserved SET domain, that have nearly 130 amino
acids [109], [110]. Initially, the SET domain was first discovered in three genes of drosophila,
such as En(zeste) (the enhancer of zeste), Su(var)3-9 (the suppressor of variegation 3-9), and
Trithorax [110]. The human genome contains about 60 PKMTSs, which are divided into two
groups: SET and without SET domain-containing PKMTs of which DOTLL is one of the
important members. The SET domain-containing PKMTs are accounting more than 90% of
the total PKMTs. The SET domain folds into a knot-like structure that passes together with
the SET domain's two extremely conserved motifs and establishes an active site close to the
binding pocket of SAM [111]. The catalytic SET domain is well-defined by certain amino
acid patterns (RFINHXCxPN and ELxF/YDY, where x represents any amino acid) and a
structure of pseudo-knot. SET-containing protein methyltransferases also have I-SET
(Immunoglobulin-SET) and post-SET domains, which contain all catalytic residues. In many
cases, these additional domains aid in the formation of the peptide-binding pocket as well as
the S-adenosylmethionine (SAM) binding site [112]. SUV, SET1, SET2, EZ, AND RIZ are
five major families of SET domain-containing PKMTs that are classified based on SET
domain sequence similarity [113], [114]. Because these enzymes also target nonhistone
proteins, new classification and nomenclature based on the kind of enzymatic activity and
target residue(s) were proposed later [115]. As a result, these enzymes were divided into eight
categories, starting with lysine methyltransferases 1 (KMT1) and ending with KMT8. The
SET domain can be present in a significant variety of eukaryotic proteins as well as a few
bacterial proteins. As a result, is not restricted to PKMTs [116]. PKMT-catalyzed lysine
methylation has been recognized as a vital regulator of transcription through gene expression
[25], [117]. Based on the methylation position and the nature of the methylation, histone
lysine methylation can result in activation or repression of the transcription process. While
H3K4, H3K36, and H3K79 methylation are linked to the activation of transcription, di- and
trimethylation of H3K9, and trimethylation of H3K27 are linked to the repression of
transcription [25], [57], [118].

1.6.1 PKMT classes and activities
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Protein lysine methyltransferases help to methylate histones and non-histone proteins, which
are divided into eight classes on the basis of the sequence and structure of PKMTs [119].
PKMTs are categorized into two groups, one is SET proteins, having distinct SET domains,
and another is seven-strand (7BS) proteins, having a core shape with a seven-strand [120].
Further, the SET-domain-containing proteins clustered into seven families according to the
similarity of sequence and domain organizations [121]. These seven families are named
SET1, SET2, SUV3/9, SMYD, SUV4-20, RIZ, and EZ. SUV3/9 (G9a [122], GLP [123],
SETDB1 [124]), SET1 (NSD1 [125]), SMYD (SMYD2 [10], SMYD3 [126]) and EZ (EZH2
[127]) members methylate both histone and nonhistone substrates. Two protein family such as
SET8 and SET7/9 are involved in an extensive variety of protein methylation. Usually, the
proteins containing the SET-domain target the flexible histone tails for the methylation of
lysine residues. The amino group of lysine can able to receive three methyl groups, mono-, di-
, or trimethyl lysine. The different states of methylations have different roles [128]. The
majority of closely linked 7BS KMTs, focus on a group of proteins or single for methylation.
The functional consequences of methylating 7BS KMT sites are unknown, and the link
between biochemistry and biological function is sometimes difficult to recognize [129]. Out
of the approximately 100 potential PKMTs encoded by the human genome, More than 60%
PKMTs from 100 potential PKMTSs are determined through the human genome, are associated
with the activity of lysine methyltransferase in the variety of histone and nonhistone proteins
[130].

1.6.2 Mechanism of protein lysine methylation

In the course of lysine methylation, enzymes add or remove methyl groups on the specific
type of substrates [131], [132] (Figure 1.5). Over 50 PKMTs and 20 protein lysine
demethylases (PKDMs) have been discovered so far [119]. Although most PKMTs have the
SET domain, lysine N methyltransferase activity has also been shown in the proteins having
non-SET domains, for example, methyltransferase-like 21A (METTL21), DOTI1L, and
METTL10 [133], [134]. The SET-domain PKMTs are anticipated to accelerate a sequential
bi-bi kinetic process involving random substrate contact and product release [135]. The
methylated lysine residue has increased hydrophobicity and basicity and these properties are

helpful in the recognition of other methylated lysine proteins.
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Figure 1.5: The schematic representation of methylation and demethylation of a lysine
residue. S-adenosyl-L-methionine (AdoMet) is used by the PKMT as a universal methyl
group donor to catalyze mono (Kmel), di (Kme2), and tri (Kme3) methylation on lysine
amino acid. This alteration is reversible, and PKDMs can remove methyl groups. (Adopted
from [10]).

1.6.3 Lysine demethylases

Until 2004, when Lys-specific demethylase 1 (LSD1, also known as KDM1A, AOF2, and
BHC110), was found, lysine methylation was thought to be irreversible. In the human
genome, only LSD2 (also known as KDM1B) shows the homology with LSD1. The amino
oxidases can only take part in the mono and di lysine dimethylation not in trimethylation
because it required lone pair of electrons. LSD1 and LSD2 only monomethyl and dimethyl
lysine residues which belong to the first KDM family of flavin-dependent monoamine
oxidases [136]. The second type of KDM is Jumonji C (JMJC) domain-containing proteins,
which demethylate monomethylated, dimethylated, and trimethylated lysine residues using an

oxygenase mechanism [137] [3].

1.6.4 Somatic cancer mutations in PKMTSs

A rising number of researches suggest that inappropriate lysine methylation is linked to
abnormal PKMT expression and plays a vital role in carcinogenesis. Current whole
transcriptome and genome sequencing endeavors have also revealed numerous somatic
mutations that are highly susceptible for cancer development [138]-[140]. Such type of
mutations is also present in PKMTSs, which are common in malignancies. These contain
translocations of the chromosome that induce peculiar or mistargeted PKMT expression, as
well as nonsense or frameshift mutations that render the protein useless. Missense mutations
cause enzyme activity loss, but they can also affect the PKMTs properties due to changes

occurring in the specificity of substrate or product and increased enzyme activity, and
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subsequent phenotypic gain-of-function occur. Mutations such as Loss-of-function contain
frameshifts, critical point mutations, deletions, and nonsense mutations, which result in the
inactivation of the affected protein. Instead, Gain-of-function mutations alter the function of
the distressed protein, potentially contributing to cancer. Changing just one allele is usually
adequate for gain-of-function mutations, but loss-of-function mutations usually disturb both
alleles. Furthermore, by blocking a mutated cancer gene, they have the potential to assist as a
specialized therapeutic strategy in personalized medicine [141], [142]. Somatic mutations
present in PKMTs can also alter the interactions among the partner proteins or cause the
PKMT to be recruited to particular genomic loci, which ultimately affect the expression of
tumor suppressor genes or any specific oncogene. A more active PKMT may produce
abnormal histone methylation at specific genes, which can either boost or inhibit oncogene or
tumor suppressor gene transcription. The peptide sequence specificity of PKMT can be altered
due to the mutations in the SET domain that leads to the methylation of unique targets. The
molecular problems of somatic mutations present in PKMTs are generally unclear, and

explanation would necessitate extensive biochemical research [141].

In addition to somatic mutations, the selection of germline variants may cause chromatin
modulators to play a significant role in the development of disease and response to treatment.
A single base variation in a DNA sequence that affects a sizable part of a population (>1%) is
known as a single nucleotide polymorphism (SNP) [143]. Non-synonymous SNPs (altering
the amino acid sequence of a protein) are less common in genes known to influence disease
[144]. SNPs can be linked to a disease's diagnosis and risk factors, but they can also influence
a disease's course without directly causing it [145], [146]. Therefore, it is important to take
into account how these polymorphisms in methylation-modifying enzymes affect methylation
control, the genomic environment, and possible diseases. Numerous cancer forms have been
associated with various histone mutations. Here we have briefly summarized about the

computational analysis of SNPs in PKMTSs.

1.6.4.1 Single nucleotide polymorphism

The majority of Single Nucleotide Polymorphisms (SNPs) are projected to be non-coding
SNPs, according to the first comprehensive analyses of SNPs in the human gene coding
region. Both synonymous (quiet, without changing the amino acid in the protein) and non-

synonymous SNPs (nsSNPs) are equally prevalent in the coding area. When comparing two
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human genomes, the average diversity is one difference every 1,200 base pairs, but the typical
gene has about four coding SNPs [147], [148]. A significant portion of nsSNPs are projected
to influence the protein's structure, which would likely affect its function [149]. These
variations, for instance, could have an impact on post-translational modifications, ligand
binding, or protein stability or folding [149]. This raises the possibility that some coding SNPs
have phenotypes. There aren't many researches linking KMT SNPs to disease or treatment
outcomes [150]. Although it is now known that KDMs have a role in illnesses and that SNPs
in these enzymes can be associated with disease, it is yet unknown how these SNPs influence

the regulation or function of the enzymes.

Choosing which SNP to look at is one of the challenges of investigating SNPs and their
potential implications in disease process and/or response to therapy. Models for the action of
missense coding SNPs have been developed, providing a basis for understanding the impact
of a coding SNP at the molecular level and, consequently, an approach of predicting which
coding SNP are potentially involved in disease [149], [151]. This is because nsSNPs with
coding repeats are more likely to affect gene function. The ability to find variations that raise
the risk factor for a particular disease has risen due to the recent exponential growth in the
amount of data collected by new sequencing technology. Due to availability of large number
of SNPs, computational methods for the identification of potential candidate SNPs become

more helpful.

Computational method was used to identify a SNP in PKMT’s protein MLL, two most
deleterious nsSNPs (Q1198P and K1203Q) were identified by applying various sequence and
structure-based computational methods. Out of these two nsSNP, the mutation at amino acid
position Q1198P with id rs1784246 found as significant mutation in acute leukemia caused by
MLL gene [152]. Recently, Gautam et al. perform the computational analysis for SNPs of
EZH2 to determine the structural and functional association with breast cancer susceptibility.
Two EZH2 SNPs such as rs41277434 and rs201135441 (A490T) were explored
computationally and validated experimentally on the population of in north Indian region of
Punjob. The analysis revealed that SNP rs201135441 (A490T) has significant association with
breast cancer susceptibility [153]. Such a computational analysis may be useful in locating
significant SNPs for further research. The creation of individualised therapy would be much
easier with this analysis. However, more research is required to conclusively connect these

SNPs and any potential impact on protein function or stability in respect to disease.
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However, while a number of recent studies uncovered the alteration of the genes encoding
PKMTs, a lot of work is left to do in order to understand the mechanisms by which PKMTs
are involved in the onset of diseases and response to treatments. The understanding of the
importance and functional impact of SNPs in PKMTs is still in the nascent stages. Our
literature survey showed that there is a wide choice of literature on SMYD2 gene associated
with cancers through experimental studies but the computational analysis undertaken for an in
silico investigations on the mutation of nsSSNPs in SMYD2 gene are scarce. Improving our
understanding of SNPs and mutations in PKMTs will help to assess risk and develop

personalized medicine.

1.6.5 Functional role and disease implication of protein lysine methylation

The role of protein methyltransferases and demethylases in epigenetic control via histone
methylation has been widely studied. Now, histone methylation is well recognized as a key
regulator of chromatin functions, particularly transcriptional control (Figure 1.6). The
majority of methylation sites reported in core histones so far have been located in histones H3
and H4. The histone mark present at the site of methylation is assumed to represent a unique
type of function. Other histone lysine methylations such as H3K4 methylation is represented
the active transcriptional mark, and monomethylation of H3K4 is prevalent at the site for
enhancers [154]. In addition to actively transcribed genes, promoter and enhancer regions
contain dimethylated histone H3K4 (H3K4me2). Histone H3K4trimethylation (H3K4me3) is
a renowned characteristic of actively transcribed genes' promoter regions [155]. H3K27
dimethylation and trimethylation (H3K27me2 me3), which are linked to transcriptional
regulation, are common in the target polycomb genes [156]. Monomethylation and
dimethylation of H4K20 are essential for DNA damage repair and DNA replication, while
trimethylation of H4K20 is associated with decreased heterochromatic regions [157]. Non-
histone protein methylation is significantly associated with the modulation of numerous
signaling cascades, according to the research. Lysine methylation is linked to the functional
control of two important tumor suppressor proteins, such as RB1 and p53 [3]. Lysine
methylated non-histone proteins provides five key functions through post-translation
modification (PTM): It modulates | phosphorylation; (ii) protein-protein interactions; (iii)
substrate protein stability; (iv) substrate subcellular localization; and (v) substrate protein
promoter binding affinity (Figure 1.6) [9]. Due to these features, non-histone proteins with

methylated lysine are associated with a number of cellular functions.
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Figure 1.6: The biological processes regulated by protein lysine methyltransferases in two
ways. One is non-histone targets methylation as of the post-translation modification (PTM).
The other is the transcriptional regulation as epigenetics through the methylation of histone

proteins.

Cancer is widely thought to be a hereditary disease; however epigenetic alterations have just
recently been discovered to play an important role in critical stages of malignant
transformation and development. Lysine residues methylated with Mono-, di-, and/or tri-
methylated on both histone and nonhistone substrates are modified by PKMTs. These
chromatin modifiers regulate post-translational changes, protein stability, protein-protein
interactions, and non-histone substrate subcompartment cellular location, as well as the
transcription of certain downstream target genes [3]. A growing amount of evidence implies
that PKMTs are involved in the PTM of histone and non-histone proteins, as well as cancer
progression and development [9]. Several forms of cancer commonly have dysregulation of
this alteration (Table 1.2).

Table 1.2: Associated cancer types with the protein families of PKMTSs.

Protein family Protein Associated cancer References
name
SET-domain SETD8 Bladder cancer, chronic myelogenous leukemia, | [23], [158]
containing hepatocellular carcinoma, prostate cancer, non-small-
proteins (SETD) cell lung carcinoma, small-cell lung carcinoma
SETD7 Breast cancer and multiple myeloma Ezg],] [159]-
164
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SETD1A Bladder, breast, colorectal, and lung cancer, | [165], [166]
hepatocellular carcinoma, and renal cell carcinoma
SET and MYND | SMYD3 Breast, cervical, colorectal, esophageal, gastric, lung, | [133],
domain-containing medullary thyroid, pancreatic, and prostate cancer, [1671-{173]
proteins (SMYD) cholangiocarcinoma, and hepatocellular carcinoma
SMYD2 Breast, bladder, cervical, esophageal, colorectal, head | [13], [14],
and neck, lymphoma, ovarian, and pancreatic cancer, [135],
[174]-[179]
renal cell carcinoma, and hepatocellular carcinoma
Nuclear receptor- | WHSC1L1 | Acute myeloid leukemia, NUT midline carcinoma, | [180]-[182]
binding SET-domain small-cell lung carcinoma, lymphoma, bladder, and
proteins (NSD) breast cancer
WHSC1 Cholangiocarcinoma, chronic myelogenous leukemia, | [183]-[185]
non-small-cell lung carcinoma, small-cell lung
carcinoma, osteosarcoma, renal cell carcinoma,
hepatocellular carcinoma, multiple myeloma, breast,
prostate, bladder, and esophageal cancer
NSD1 Acute myeloid leukemia, glioblastoma, lung cancer, | [186], [187]
multiple myeloma
Polycomb complex EZH2 Acute myeloid leukemia, cholangiocarcinoma, chronic | [188]-[191]
myelogenous leukemia, glioblastoma, lymphoma, non-
small-cell lung carcinoma, small-cell lung carcinoma,
T-cell acute lymphoblastic leukemia, osteosarcoma,
renal cell carcinoma, bladder, breast, colorectal, and
esophageal cancer
Euchromatic histone- | EHMT2 Acute myeloid leukemia, cholangiocarcinoma, chronic | [192]-[194]
lysine myelogenous leukemia, esophageal, bladder, and breast
N-methyl-transferase cancer
MLL family MLL Acute myeloid leukemia [195]
MLL2 Melanoma, mixed-lineage leukemia, breast, bladder, | [196]
colorectal, and lung cancer
MLL3 Glioblastoma, melanoma, mixed-lineage leukemia, | [197]-[199]
pancreas, stomach, breast, and esophagus cancer
Suppressor of | SUV39H2 | Acute lymphoblastic leukemia, bladder, cervical, and | [200], [201]
Variegation esophageal cancer
3-9 Homolog
DOT1-like  histone | DOT1L Mixed-lineage leukemia [202], [203]
H3K79

methyltransferase
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According to The Cancer Genome Atlas (TCGA), PKMTs have been discovered to have
frequent expression and genetic alterations in a range of malignancies [204], [205]. Preclinical
studies have revealed some of these enzymes' modes of action, opening the path for the
improvement of PKMT-specific inhibitors for cancer prevention. Analysis of expression and
genetic alterations of PKMTs in multiple types of cancer have been performed on
transcriptomics and genomics level. The datasets for these analyses are available on various
public databases, but there is no systematic analysis presented on whether these genetic and
expression alterations are replicated at the level of protein. Deregulation of PKMTs has been
linked to a variety of cancers [128], [206]-[209]. The up-regulated SMYD2 expression was
detected in bladder cancer cells [175], and esophageal squamous cell carcinoma [174]. The
overexpression of SMYD3 is detected in breast carcinoma and plays a role in tumor
proliferation whereas higher expression of G9a is present in hepatocellular carcinoma and
plays a crucial role in the invasion of prostate and lung cancer [174], [210], [211], [212]. As a
result, it has been demonstrated that methylated lysine can affect the carcinogenic pathways,
which suggested the role of PKMTs in cancer progression. Cell proliferation is boosted by
SMYD2 methylation of pRb, which is assumed to be owing to E2F transcriptional activity
[175]. Similarly, SET7/9's modification of K372 prevents SMYD2 methyltransferase activity
from activating the p53 pro-apoptotic function [14]. Consequently, these enzymes are
considered potential cancer markers and therapeutic targets for cancer [209], [213]-[217].
Protein methylation dysregulation has been linked to a range of disorders, including cancer,
and multiple articles [9], [62], [218], [219] have documented that abnormal states of PMTs
and demethylases linked with human cancer, including aberrant expression and somatic
mutations. PMTs-specific small molecular inhibitors are also being enthusiastically identified
as a potential drug for cancer. Several PMT-specific inhibitors are currently under clinical
trials [3].

1.6.6 Small-molecule Inhibition of PKMTs

Given their increasing functions as epigenetic modulators, PKMTs have gotten a lot of
attention in the last decade. PKMTSs serve as a multifunctional protein with a catalytic domain
of methyltransferase and other motifs for interacting with a variety of binding partners [2],
[21], [220], [221]. PKMTs-based small-molecule inhibitors can be produced based on the
selectivity of methyltransferase activity [220], [222]. Small-molecule inhibitors, like other

pharmacological agents, can disrupt PKMTs in a dose-dependent, temporal (precise time), and
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spatial (defined location) way [220], [222]. In the future, certain PKMT inhibitors could be
employed as therapeutic treatments [21]. Many prior endeavors in industry and academia have
been done to develop PKMT-specific inhibitors that resulted in hundreds of inhibitors for
human PKMTs being available [21]. The quality of PKMT-specific inhibitors may differ from
a small number of compounds that are well described in vitro, and in vivo to a large number of
compounds that have only been examined in vitro biochemical assays [220]. It's difficult to
choose relevant chemicals for biological investigations because many PKMT inhibitors
haven't been thoroughly characterized. There's always the potential of misusing well-studied
PKMT inhibitors and misinterpreting their biological outcomes [220].

As a result, it's critical to identify the criteria for high-quality PKMT inhibitors as well as the
circumstances in which they should be used. Copeland et al. [223] found small chemical
inhibitors affecting 11 PKMTs, with methods including SAM competition, complex
disruption, peptide-site binding inhibition, and allosteric inhibition. They created a list of all
available PKMT inhibitors, as well as information on their modes of action and clinical trials
[223]. EHMT2, EZH2, SETD7, SETD8, SUV420H1/2, MLL, SMYD2, and SMYD3 are
among the PKMTs for which small molecule inhibitors are available [21], [224]. Clinical
trials with EZH2 inhibitors and Disruptor of Telomeric Silencing 1-like (DOT1L) are
previously underway. Five EZH2 targeting drugs are currently in clinical trials, all with a
solid tumor indication. In therapeutic trials for hematologic malignancies, one DOTI1L

targeted inhibitor is now being investigated [224].
1.6.7 The SMYD family of PKMTs

SMYD are a group of five soluble enzymes that methylate histone as well as non-histone
substrates [4], [21], [169]. SMYD1-5 are the five members of the SMYD family that have
been discovered so far (Figure 1.7). All members of the SMYD family have a conserved SET
domain and MYND domain. The SET domain is a conserved catalytic unit that is responsible
for the lysine methylation, that is present in approximately all histone methyltransferases
(HMT) [225]. MYND domain has a zinc finger motif with proline-rich regions that is
responsible for making protein-protein interactions [4], [226]. Three of the five members of
the family have full-length crystal structures: SMYD1 [227], SMYD2 [228], and SMYD3
[229]. SET, I-SET, post-SET, and MYND domains are present in the N-terminal lobe,
whereas the sequences having similarity with Tetratrico-peptide repeat (TPR) domains are

present in the C-terminal region. The C-terminal domain (CTD) only present in the family of
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SMYD1-4 but absent in SMYD?5, is another distinguishing trait. The most structurally diverse
compounds in the family have yet to be solved. SMYD4 is roughly twice as large as the other
SMYD molecules and has extra TPR domains at the region of the N-terminus, whereas
SMYDS5 has a unique sequence on the C-terminal that is not related to the domains of the C-
terminal. The intersection of the N- and C-terminal lobes generates a large, deep binding site
for protein substrate. The sequence and orientation of the C-terminal lobes are responsible for
the molecular structure, which makes the diverse surface topologies for peptide binding sites
in SMYD1, 2, and 3 [4]. SMYD2 and SMYD3 are the most studied protein family from the
SMYD group. SMYD1 [230] and SMYD3 [179] are responsible for trimethylate whereas
SMYD?2 is responsible for monomethylating the various residues of lysine on non-histone and
histone proteins. SMYD2 was first discovered to methylate H3K36 [179], but later, it was
revealed that it alters its specificity to H3K4 when it comes into contact with HSP90 [178].
According to the earlier study, SMYD2 also methylates K266 residue of estrogen receptor
alpha [177], K810, and K860 of the retinoblastoma (RB) protein [13], [175], and K370 of p53
[13]. During cell-cycle development and differentiation, the methylation of Lys860 in RB is
regulated [13], [175]. In conjunction with SMYD2, the structures of the p53 [231] and ER
[232] peptides have been identified. For SMYD4 and SMYD5, structural data is currently
unavailable. According to a recent study, methylated histone as well as non-histone substrates
through SMYD proteins that are linked with various cellular functions for example cell
regulation, including signal transduction, chromatin remodeling, transcription, and control of

cell cycle.

MR D) seT @ viwyno @ SET-l (D Post-SET (@ cTD (TPR)

Figure 1.7: Schematic demonstration for a member of the SMYD family. The different colors
represented the structural domains present in SMYD1-SMYDS5 proteins. The number of

amino acids present in each SMYD protein is denoted at the end.

Arvind Kumar Yadav, Ph.D. Thesis, Jaypee University of Information Technology, 2022 22



Chapter- 1

1.6.8 SMYD proteins as a Drug Design Perspective

The research on SMYD proteins is intriguing since they are associated with a variety of
cancer-related pathways. As a result, it opens up new possibilities for cancer and
cardiovascular treatment. SMYD protein overexpression has been linked to nearly all cancer
types [169], [174], [175], [233], [234]. Overexpression of SMYDL1 inhibits the transcription of
genes required for the production of ion channels in the heart, resulting in heart failure [102].
Overexpression of the SMYD1 gene has also been linked to hypoplastic left heart syndrome
(HLHS), a condition typified by an immature left ventricle [235]. In ESCC or p53-related
malignancies, SMYD?2 is overexpressed, and knocking it down decreases tumor cell growth
[174], [175]. SMYD3 is overexpressed in a range of malignancies, with colon, breast,
prostate, pancreatic, and lung cancer [126]. SMYD3 overexpression is linked to a bad
prognosis, and wiping it out stops tumor growth [133], [236]. As a result, therapeutic
intervention with any of the SMYD proteins can be beneficial in cancer treatment. Efforts are
now being made to develop SMYD inhibitors. The high-throughput chemical screening
method was used to discover the SMYD2-specific competitive inhibitor AZ505 [237]. The
lysine access channel in SMYD2 protein may not be the main target for therapeutic
pharmacological action. SMYD2 is associated with multiple diverse processes of cellular
function and is necessary for the methylation of a range of targets [232]. Complete SMYD?2
knockdown could not be a practical choice because unselective inhibition of SMYD2 might
create undesirable and potentially lethal side effects. One strategy for developing a therapeutic
treatment that can selectively lower SMYD2 function in cancer is to target different binding
sites that will affect the partial function of SMYD2. Substrate-binding pockets of SMYD are
linked to the CTD orientations based on shape and size, due to that various protein members
from SMYD family are considred for drug design. For potential drug design, it is essential to
understand the conformational changes occur in SMYD proteins in addition to functional
significance of every conformational state. Drug research efforts should not be restricted to
the channel for specific lysine access, despite the fact that SMYD structures may be effective
for therapeutic intervention. Alternative binding sites and conformations can be used to
successfully cut down the malignant function of SMYD2 and SMYD3 proteins without
distracting the general function of proteins from SMYD family. As a result, SMYD proteins

are crucial for both functional and therapeutic purposes.

1.7 SMYD2 Protein
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SMYD?2 is a protein from the family of SMYD. All five members of this family (SMYD1-5)
have a catalytic conserved SET domain and a zinc-finger MYND motif. SMYD2 is highly
expressed in the heart and skeletal muscle [238], [239]. In cardiomyocytes, endogenous
SMYD?2 is expressed in both the nucleus and the cytoplasm [240]. SMYD2 is involved in the
development of the heart and muscles [10], [11]. SMYD2 is involved in cellular proliferation
and the development of transcriptional control. By methylating histones or interacting with
RNA polymerases, SMYD2 controls gene transcription [178]. Many histone and non-histone
proteins can be methylated by SMYD2 [176], [177], [241]. According to crystallographic
investigations of SMYD2 structures, the broad substrate specificity of SMYD2 is achieved via
a variety of processes, including various peptide-binding modalities and the inherent
dynamics of peptide ligands [11], [242]. SMYD2 is highly expressed in variety of cancer
types, and its role as an oncogene is being studied [9], [243], [244]. SMYD2 substrates were
later identified as p53 and RB protein [11], and it was revealed that when SMYD?2 interacts
with the HSP90 protein, it methylates H3K4 rather than H3K36 [178].

1.7.1 Discovery and structure of SMYD2

In 2006, Brown and coworkers found Smyd2, a histone methyltransferase, in the 1932.3 locus
[179]. It was determined that a higher mRNA level of Smyd2 is present in the brain, liver,
heart kidney, ovary, and thymus using northern blotting. The SMYD?2 is located in both the
cytoplasm and nucleus using immunohistochemical labeling [179]. The crystal structure of
SMYD2 was determined in 2011 by two groups of researchers [178], [187]. SMYD2 has five
structurally separate domains (Table 1.3) that come together to create two enormous lobs
[178]. The N-terminal region of SMYD2 has a heterogeneous structure comprising helices,
strands, and long extended loops, whereas the C-terminal region has a twisted seven-helical
bundle [245]. S-sequence is important for the ideal enzymatic activity of SMYD2 but the
post-SET domain is absolutely necessary [182]. According to metal studies, SMYD2 needs
three bound zinc ions for their catalytic activity and structural integrity [182]. The C-terminal
domain, which stabilizes the auto-inhibited SMYD2 conformation and blocks the substrates to
enter the catalytic site by broad contact with the domain of methyltransferase, has been
reported to regulate the auto-inhibition of SMYD2's methyltransferase activity [228]. The
open-closed motion of SMYD2's bilobal shape may alter substrate specificity [188].

Table 1.3: Five different domains present in human SMYD2 protein and their position.
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S.N. Domain name Position in protein
1 S-sequence 1-46 amino acid

2 MYND 47-96 amino acid

3 SET-I 97-243 amino acid
4 post-SET 244-271 amino acid
5 TPR 272-433 amino acid

1.7.1.1 Catalytic SET domain

Similar to other proteins of the SMYD family, SMYD2 has a "split" type of SET domain
[165], [166], [167]. The SET domain is divided into two parts with the help of the MYND
domain, one is S-sequence and another is the core SET domain. These two sections form a
structure that is evolutionarily conserved in SET proteins, resulting in a fold. The SET domain
is required for SMYD2's methyltransferase activity. The enzyme activity is reduced when
residues from the cofactor binding site, lysine access channel, or binding sites of substate get
mutated. The SET domain is surrounded in structure by the two domains such as insertion
SET (SET-I) and post-SET. The binding of cofactors and substrates is also aided by these two
domains [166], [172], [178]. In the SET domain, the SET-I is represented by a helix bundle.
The post-SET domain consist cysteine-rich region folded downstream of the SET domain
with one zinc atom. SMYD2 methyltransferase activity is abolished when the post-SET
domain is deleted [241]. SMYD2-mediated methylation is dramatically reduced when a zinc-
chelating residue (C264S) inside the post-SET domain is mutated [241]. This suggests that
SMY D2 methyltransferase activity requires an intact post-SET domain.

1.7.1.2 Zinc-finger MYND domain

The MYND domain contains of a zinc-finger motif with two zinc atoms (Figure 2A). The
MYND domain interacts directly with the SET domain, although it does not take part in the
binding of the substrate. This is in line with the discovery that the MYND domain isn't
required for SMYD2's histone methylation activity [178]. By binding to a proline-rich region,
MYND domains facilitate particular protein interaction [4]. SMYD2's MYND domain
interacts with EBP41L3. With a PXLXP motif, EBP41L3 [178] is a tumor suppressor. The
EBP41L3 binding site on the MYND domain's surface is thought to be in a shallow groove
[166]. Because the groove is entirely exposed, potential binding proteins can easily access it
(Figure 2A). This suggests that the MYND domain is predominantly a component of protein-

Arvind Kumar Yadav, Ph.D. Thesis, Jaypee University of Information Technology, 2022 25



Chapter- 1

protein interaction that manages SMYD2 protein with other proteins to control tumor

development.

1.7.1.3 TPR-like carboxy-terminal domain

The CTD domain is made up of seven antiparallel helices and has a structure like helix-turn-
helix. The structure is comparable to that of TPR, albeit the sequences are not identical.
Because TPR motifs drive the building of multi-protein complexes [247], this structural
similarity suggests that the CTD may operate as a protein-protein interaction module.
According to current research, the CTD is critical for protein interaction [248]. The C-
terminal and N-terminal regions of SMYD2 help to bind the sarcomeric protein [240]. The
CTD binds a PEG molecule in a SMYD?2 structure, implying that the CTD has a second
peptide-binding site, potentially allowing the binding of two distinct proteins [232]. Except
for SMYDS5 [249], the CTD is substantially conserved in the family of SMYD proteins.
Between SMYD1 and SMYD3, SMYD2 seems to represent a conformational intermediate
[228], [232]. Furthermore, depending on which cofactor analogs attach to the protein, the
CTD in SMYD2 can adopt distinct conformations [28]. These findings point to CTD domains'
intra- and interdomain flexibility. The CTD in SMYD2 is required to make the binding pocket
of the substrate and has been shown to stabilize p53 interactions [172], [178]. CTD, on the
other hand, appears to have a substrate-dependent effect on SMYD2 activity. The methylation
activity of SMYD2 on p53 proteins was drastically reduced when the CTD was deleted,
although histone H3 methylation was unaffected [231]. CTD deletion boosted H3K4 activity
but did not affect H3K36 or p53 methylation when peptides were utilized as substrates.
However, replacing Tyr374 with alanine led to the methylation of the p53 peptide being lost
[231]. Tyr374 is a substrate-binding residue that is found in the CTD (Figure 2B). This
implies that the CTD is involved in substrate recognition.

1.7.2 Catalytic activity of SMYD2

AdoMet is used as a methyl donor by the SMYD2 enzyme, which catalyzes lysine
methylation. AdoMet is converted to AdoHcy when the methyl group is transferred to a target
molecule. SMYD2 utilizes a rapid-equilibrium random Bi-Bi mechanism in catalysis,
according to steady-state kinetic studies [241]. H3 or p53 methylation peaks at alkaline pH
(pH 9.0-10.0) [241], whereas Hsp90 methylation peaks at pH 7.5-8.0 [249]. The influence of
pH on the catalytic efficiency of SMYD?2 is mostly dictated by kcat. At different pH levels,
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both AdoMet and the substrate have identical KMs [241]. This suggests that solvent basicity
may facilitate deprotonation of the -amine group in target lysine. SMYD2 activity is affected
by ionic strength, the optimal activity is found when ionic strength gets lowered. SMYD2
activity peaks at 32°C and quickly drops at temperatures over 37°C [241]. The catalytic
effectiveness of SMYD?2 varies greatly depending on the substrate. When it comes to p53
peptides, SMYD2 has a 10-fold stronger activity than histone peptide substrates [231].
SMYD?2 had a 3- to 6-fold greater action on p53 protein than on histone H3 or nucleosome
substrates [231]. H4 and H2B are the most proficient substrates than H3, by 3 to 5-fold
advanced activity [182]. Full-length H3 is a more potent substrate for SMYD2 than H3
peptides [172], [182]. SMYD?2 has very little activity with H3K36 peptides, although it does
have activity with H3K4 [178]. Substrate binding is linked to differences in SMYD?2 activity.
According to ITC research, SMYD2 binding to p53 peptides (residues 361-380) has a
dissociation constant (Kd) of 20 M, whereas binding to H3K4 peptides (residues 1-20) is
around 35-fold weaker [231]. These findings imply that in vitro, SMYD2 preferentially binds
and methylates p53. Hsp90 increases the activity of SMYD2 methyltransferase [178]. This
activity augmentation occurs on the H3K4 substrate but not on the H3K36 substrate [178].
Hsp90 also boosts SMYD1 and SMYD3's H3K4 methylation activity [133], [230]. The exact
mechanism of Hsp90-induced activity augmentation, however, remains uncertain. Some
Hsp90 co-chaperones (like Hop) influence the activity of SMYD2 on Hsp90. The presence of
Hop induces a substantial decrease in methylation, whereas AHA1 and p50 have little effect
on Hsp90 methylation [249]. Hop is bound by Hsp90 via the MEEVD motif on the region of
C-terminal. The CTD domain of SMYD?2 is thought to bind to this area [232].

1.7.3 Methylation targets of SMYD2

H3K4 and H3K36 have been found to be methylated by SMYD2 [178], [179], implying a role
as a transcriptional activator in epigenetic gene regulation [178], [179]. SMYD2 help to
methylate a variety of non-histone proteins, indicating that it has broad substrate specificity.
Tumor suppressor protein such as p53 [14], RB [11], [145], cytoplasmic Hsp90 [249], [250],
ER [177], and recently Poly(ADP-ribose) polymerase-1 (PARP1) [176] are some of the target
for non-histone methylation. SMYD2 methylates p53 at lysine 370, reducing the activity of
p53-mediated transactivation [251]. During the process of the cell cycle, differentiation, and
DNA damage response, SMYD2 modulates RB activity by mono-methylating it at lysine 810
and 860 [11], [145]. The establishment of a complex with the sarcomeric protein titin by
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SMYD2-mediated methylation of Hsp90 at lysine 615 affects myofilament structure [238],
[250]. Under estrogen-depleted circumstances, ER methylation at lysine 266 by SMYD2
reduces ER chromatin recruitment and inhibits ER target gene activation [177]. In response to
oxidative DNA damage, SMYD2 mono-methylates PARP1 at lysine 528 and controls poly-
(ADP-ribosyl)-ation activity [176]. Due to observed methylation of tumor suppressor gene
and their suppressive effects on cancers, these findings imply that SMYD2 may work as an

oncogene.
1.7.4 Role of SMYD2 in cancer

Studying the association of SMYD2 in cancer has gotten a lot of attention recently. The most
well-known tumor suppressor is p53, which was the first nonhistone protein substrate of
SMYD2 [14]. Tumor suppressor gene p53 gets monomethylate by SMYD2 at Lys370,
decreasing p21 and Mdm2 expression and allowing cancer cells to grow more easily. SMYD2
plays a vital role in a range of malignancies, including esophageal squamous cell carcinoma,
breast cancer, gastric cancer, and leukemia according to a growing body of studies [9], [233],
[243], [252]. Higher expression of SMYD2 was found in cell lines and tissues of breast
cancer, knocking down SMYD?2 in triple-negative breast cancer (TNBC). The reduced
activities of SMYD2 with AZ505 inhibitor expressively reduce the growth of tumors in vivo,
according to the study of Li et al. [252]. SMYD2 enhances the survival and cell proliferation
of TNBC with the help of activation and methylation of the p65 and STAT3 subunit of NF-xB
(Figure 1.8) [252]. Estrogen signaling is involved in differentiation and cell proliferation also
it has been connected with lot of human diseases, including cancer for example ovarian and
breast cancer [253], [254]. To govern gene stimulation or suppression in response to estrogen
stimulation, the ligand-activated transcription factor ER binds multiple coregulators to
estrogen response elements. The breast and ovarian tissues have high levels of ER [255]. The
regulatory mechanisms that affect ER expression and activity must be discovered in order to
understand human illnesses [256]. Zhang et al. discovered that MCF7 breast cancer cells,
SMYD2 help to methylate ER at Lysine 266 to inhibit the activation of the ER target gene
[177]. The structural analysis suggested that SMYD2 bind with ER in the conformation of U-
shaped [232]. In the ER, SMYD?2 increases the methylation of lysine 266 in ER by interacting
with the chaperones HSP90/p23 molecular [257]. Furthermore, in the breast cancer cells,
SMYD?2 is used with Phosphatase and Tensin Homolog (PTEN) as a substrate. Lysine 313 in
the in vitro and in vivo experiment, SMYD2 methylates lysine 313 of PTEN that decreasing
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the tumor suppressor function of PTEN and activate the pathway of phosphatidylinositol 3-
kinase (PI13K)-AKT. PTEN takes part in the phosphorylation of Serine 380 that increased the
knockdown of SMYD2 in cancer cell, although the phosphorylation of AKT gets reduced.
These data show that SMYD2-mediated PTEN methylation at Lysine 313 lowers PTEN
phosphorylation at Serine 380, resulting in AKT activation and breast cancer cell proliferation
[258]. High-grade serous ovarian cancer is the most frequent type of ovarian cancer in female
[259]. According to Kukita et al., higher expression level of SMYD2 was reported in clinical
tissues of high-grade serous ovarian cancer (HGSOC) that suppress or inhibit the SMYD2
with LLY-507 and increase the cell death in apoptotic.

Furthermore, LLY-507 indicated a preservative impact with the olaparib inhibitor of PARP in
the formation of colony assays. It suggested that LLY-507 can be utilized only or in blend
with Olaparib to treat HGSOC patients [260]. Olaparib is a PARP1 inhibitor that was
established for HGSOC of BRCAL/2 mutant [261], [262]. PARP1 is considered a crucial
target for anticancer therapeutic research. The synergistic consequence of Olaparib and LLY -
507 beside HGSOC could be linked to the involvement of SMYD?2 in the methylation of
PARP1. The studies reveal that higher expression of SMYD?2 in the HGSOC and BC patients
suggesting that SMYD2 could be employed as a significant biomarker for the diagnosis of
such cancer types. Furthermore, SMYD?2 inhibition may possibly consider an effective
treatment for patients with HGSOC and BC. Though new SMY D2-specific inhibitors need to

be developed, and clinical trials must be completed to approve their inhibitory mechanism.
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Figure 1.8: The SMYD2 targeted nonhistone substrates for methylation that associated with

cancer and other diseases. (Adopted from [10]).

SMYD2 help to methylate RB, at Lysine 860 that establishes a binding site for the L3MBTL1
transcriptional repressor. These proteins are involved in the regulation of cellular
differentiation, DNA damage response, and cell cycle progression [13]. SMYD2 methylates
Lysine 810 of RB in addition to Lysine 860, promoting phosphorylation of Serine 807/811 of
RB and mediating SMYD?2's role in cell proliferation and bladder cancer [175]. Methylated
RB also promotes cell cycle advancement by increasing E2F transcriptional activity (Figure
1.8). Most importantly, SMYD2 expression in human bladder carcinoma tissues is
substantially higher than in non-neoplastic bladder tissues, implying that SMYD?2 inhibitors
could be employed to treat bladder cancer [175]. SMYD2 mRNA levels were found to be
higher in renal cell tumors as compared to their normal counterpart, and levels of SMYD?2
mMRNA were found to differentiate between tumors and normal tissues of renal cells with the
specificity of 100% and 82.1% sensitivity, as well as specificity with 73.3% and sensitivity
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with 71.0 in chromophobe subtype renal cell carcinoma (chRCC) from oncocytoma [263].
Acute lymphoblastic leukemia (ALL) is the more frequently causing cancer among children.
Despite the fact that chimeric antigen receptor (CAR) T-cell therapy is the most standard
treatment for a few types of leukemia, chemoradiotherapy remains the primary therapeutic
option because the clinical trials for CAR T-cell therapy do not complete yet. Patients who
have high SMYD2 expression have a bad prognosis, whereas those who have lower
expression of SMYD2 are much more willing to chemotherapy [233]. The fusion oncogene
MLL-AF9 promotes the development of leukemia, which is inhibited by SMYD2 ablation
[264]. The transcription factor MYC directly activates SMYD2, and knocking down SMYD2
prevents the fusion oncogene MLL-AF9 from causing leukemia. Furthermore, in human acute
myeloid leukemia cells, SMYD2 knockdown results in relative tolerance to a variety of agents
that are responsible for DNA damage, which is accompanied by higher expression of SET7/9
[265]. The higher expression of SMYD2 and SMYD3 was also observed in patients with
chronic lymphocytic leukemia, which is considered by the complex karyotype and higher
count of white blood cells [266].

Higher expression of SMYD2 protein was observed in the esophageal squamous cell
carcinoma (ESCC) in the sample of the primary tumor. The ESCC patients with higher
amounts of SMYD?2 expression represent a lower rate of overall survival as compared to the
patient having low express SMYD2 [174]. The knockdown of SMYD2 substantially decreases
cell growth of ESCC (KYSE790 and KYSE150) [174]. The overexpression of SMYD2 is
noticed in 60-70% of cases in a patient with head and neck squamous cell carcinoma
(HNSCC). As compared to patients with lower expression of SMYD2, the patients with
higher expression of SMYD2 showed a poor rate of overall survival [186]. SMYD2 levels are
high in pancreatic ductal adenocarcinoma (PDAC) [267], hepatocellular carcinoma [268],
Gastric cancer [243], colon cancer [269], and papillary thyroid carcinoma [270]. Higher
expression of the SMYD?2 protein has also been linked to larger tumors and has a poorer
overall survival rate [268], [270]. To achieve these effects, SMYD2 methylates a range of
nonhistone proteins in cancers, including ALK in non-small-cell lung cancer (NSCLC) and
MAPKAPKS3 in PDAC [267], [271]. HSP90ABL1 gets methylated by SMYD2 at lysines 531
and 574 to promote the process of cancer cell proliferation [135]. Even though many studies
have been published on the involvement of SMYD?2 in cancer, the bulk of these studies has

used publically accessible data to examine the SMYD2 expression pattern in tumors. The
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significant association of SMYD2 in cancer and cardiovascular disease has been widely
studied, but the impact of SMYD2 on other diseases is still unclear. According to Li et al., a
higher expression level of SMYD2 was found in kidney tissues and renal epithelial cells in
patients with autosomal dominant polycystic kidney disease (ADPKD) and Pkd1 mutant mice
[272]. SMYD2 has recently been discovered to modulate the bone morphogenic protein
(BMP) signaling pathway [273]. Phosphorylation of SMAD1/5 induced by BMP, nuclear
localization, and association with SMAD4 are triggered by SMYD2 methylating the kinase
domain of BMP type Il receptor-2 [273]. As a result, fresh information on the structure and
function of SMYD2 underscores its importance as a cancer regulator. To understand the
precise role of SMYD2 in carcinogenesis, more research is needed. Because higher expression
of SMYD2 is present in varied cancers, it might be considered a potential therapeutic target as
well as a biomarker for diagnosis.

1.7.5 Inhibitors of SMYD2

This target class of enzymes has a growing body of evidence indicating they play major
harmful roles in various human diseases. The enzymatic processes and structures of PMTs
support the idea that small-molecule inhibitors can be used to pharmacologically modulate
these enzymes and thus be an effective therapeutic intervention in cancer. Finding PMTs-
specific small-molecule inhibitors as a starting point of therapeutic development would be a
top priority for researchers. Protein crystal structure analysis is critical for medication research
and development. Pharmaceutical companies have been developing SMYD?2 inhibitors since
the first crystal structure was published in 2011 [239]. AZ505 is the first discovered SMYD2-
specific inhibitor with the help of high-throughput chemical screening, that has higher
SMYD2 selectivity with efficient inhibitory power [237]. AZ505 bind with SMYD2's peptide-
binding groove of SMYD2 and competes for binding with substrates like p53 [237]. Another
SMYD2-specific small inhibitor LLY-507 was developed by Eli Lilly and Company in 2015
[274], having 100-fold selectivity for SMYD2. LLY-507 inhibits the capacity of SMYD2 via
the methylation of p53 with an IC50 of less than 15nM, according to the crystal structure of
SMYD2. Furthermore, LLY-507 also inhibits the growth of several tumor cell lines [274]. A-
893 is another cell-active benzoxazine inhibitor for SMYD2 with highly selectivity [216].
BAY-598 is an aminopyrazolines based another SMYD2-specific inhibitor. It is a substrate-
competitive SMYD?2 inhibitor that has more than 100-fold selectivity to SMYD?2 in a specific

group of 32 types of methyltransferases. BAY-598 can increase doxorubicin efficiency in
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xenograft cancers in-vivo [242]. SMYD?2 inhibitors AZ506 and EPZ033294 can also prevent
cancer cell lines from p53 methylation and proliferation [276], [277]. SMYD?2 inhibitors come
in a range of shapes and sizes, but they're all predicated on the role of SMYD?2 in cancer and
p53 methylation. Though, SMYD2's function is not restricted to these two areas. As a result,
these SMYD2-specific inhibitors could have some drawbacks and unidentified side effects.
Moreover, because maximum inhibitors have only studied in in-vitro, thus it is necessary to
investigate if they affect xenograft tumours, carcinoma in situ, or other illnesses, as well as the

underlying mechanisms.
1.8 Prediction of methyltransferases using bioinformatics approaches

Methyltransferase enzymes catalyze the methylation reaction by using SAM donor belongs to
distinct classes [278]. It possesses number of enzymes that modify the lysine and arginine
residues in histone and non-histone proteins and play a key role in epigenetics [26]. Only little
number of potential methyltransferases has been identified and well characterized. In public
sequence databases diverse methyltransferase sequences are present, but most of these are
assigned as hypothetical, putative, or probable functions based on sequence similarity. Thus,
there was a need to identify the correct methyltransferase in several organisms. However,
various existing experimental approaches for the identification of these enzymes are costly,
time-consuming, labor-intensive, and require specialized equipment. Due to these obstacles,
computational techniques emerged as a powerful alternative approach to overcome these
obstacles. Previously, some studies have been conducted for the identification of new
methyltransferases using bioinformatics methods. Those studied used sequence-based, motif-
based, and Hidden Markov Model (HMM) based search approaches and transmit the
information into the identification of new methyltransferases [279]. Initially, computational
predictions of methyltransferases were performed using sequence comparisons by BLAST
search against the protein databases. The protein arginine methyltransferase such as
Hmt1l/Rmtl were discovered successfully by applying this approach [280]. The seven beta
strands methyltransferases were identified by motif-based search [281], [282]. Further, the
identification of methyltransferase domain was performed using the secondary structure
information through sequences [283]. In their search, authors used HMM profiles that
considered the frequency of odds amino acids along with the frequency of deletions and
insertions to justify for the gaps in the alignment. The reference set was considered from the

superfamily of methyltransferases to create the HMM profiles for the identification of general
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proteins. The O-, N- and C- methyltransferases were identified from non-redundant database
using HMM profiles that used the methyltransferase domain from nonribosomal peptide
synthetase and polyketide synthase [283]. These global search profiles, which cover the full
methyltransferases domain, penalise mismatches between motifs, which may prevent the
detection of real, previously undiscovered methyltransferases. Furthermore, a new
computational approach HHpred [284] and multiple motifs scanning (MMS) [120] were

introduced that increased the searching power as compare to BLAST methods.

The methyltransferases have a topologically-distinct family of proteins [279]. Thus, the
similarity among primary sequences was found in only a small region of the protein. The
search approaches based on sequence alignment are time-consuming and low-sensitive that
can lead to problems in the prediction of low similarity proteins. Therefore, we need an
advanced method that is based on sequence information rather than simple similarity of amino
acids. To overcome these problems, now a day’s machine learning becomes a popular
approach in the field of bioinformatics. By using extensive sequence-based feature techniques,
machine learning has been successfully applied to solve such type of problems in
bioinformatics [285]-[289]. In example, determining the family to which a recently sequenced
protein belongs is frequently of interest to biologists [290]. This enables research into the
protein's evolutionary history and the identification of its biological roles. The use of sequence
data in categorization and prediction tasks has seen widespread application of machine
learning techniques [291]. A classification problem arises when we need to categories two
things that are already known, build a model for those using a classifier, and then predict more
unknown data using features and the model we've established. Various supervised machine
learning methods can be used to classify new observations based on previously learned
information [292]. We have summarized below about the machine-learning techniques used
for various enzyme identification/classification purpose. These machine-learning techniques
are widely used for the classification of other varieties of biological data and provide

important insights from huge biological datasets.
1.9 Machine-learning techniques used in enzyme identification

Proteins known as enzymes function as a biological catalyst that fast ups the biochemical
reactions. Different enzymes perform biological processes and interact with various things.

The relevant biological function can be determined and the catalytic mechanism of an enzyme
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can be inferred using the enzyme family to which it belongs. The annotation of the family for
an enzyme is crucial given the massive influx of protein sequences into databanks in the post-
genomics era. Because experimental approaches are quite expensive, it is essential to create
computational methods that will greatly aid in correctly identifying the family of enzymes.
Such a computational tool's purpose would be to provide guidance and an approximate idea of
what type of enzyme it would be, but the outcome would undoubtedly need to be verified

through experimental research.

A wide range of machine learning methods such as SVM, DT, NB, Random Forest, and
Neural Network have been used for enzyme classification [292]. Cai et al. proposed a SVM-
based technique for enzyme family classification [293]. Whereas Dobson and Doig [294]
proposed a SVM-based method to predict enzyme class. Lu et al. developed an SVM-based
method to investigate the enzyme family [295]. Nasibov et al. used the frequency of the
amino acid residue to represent the enzyme sequences to classify the enzyme families by
adopting the KNN classifier with minimum distanced-based classifier [296]. Qie et al.
proposed an integrated method of SVM with discrete wavelet transform for the classification
of enzyme family by using the hydrophobicity of amino acid from PseAAC [297].
LacSubPred was proposed to classify the subtypes of laccases using sequence-based
descriptor and help to characterize the laccase protein sequences [298]. Furthermore, Amidi et
al. [299] explores the usage of nearest neighbour and SVM fusion approaches for the
classification of proteins in the PDB. ECPred predicted enzyme class using an ensemble of
machine learning models in a hierarchy [300]. Tao et al. [301] used four different machine
learning algorithms to classify proteins into seven different enzyme classes using various
sequence-based features. A prediction method name as eCAMI proposed to classify 390
carbohydrate-active enzymes (CAZymes) family into thousands of subfamilies using k-mer
based feature [302]. Wu et al. adopted the SVM to identify human enzyme family classes by
incorporating rigidity, flexibility and irreplaceability of amino acids into pseudo amino acid
composition (PseAAC) [303]. Further, Zhang et al. developed a SVM-based predictor to
classify human enzymes using the amino acid composition (AAC) and composition of k-
spaced amino acid pairs (CKSAAP) [304]. Recently, Wang et al. [305] also developed a
predictor called IHEC_RAAC, which has the capability to identify whether a protein is a
human enzyme and distinguish the function of the human enzyme. For the classification of

secretory and non-secretory enzymes, Garg and Raghava proposed a hybrid method by
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integrating the SVM module with PSIBLAST module using amino acid and dipeptide
composition [306]. Recently, Zhang et al. proposed a reduced amino acid composition based
method called iISP-RAAC using SVM method for the identification of secretory proteins of
malaria parasite [307].

All these studies did achieve encouraging results, which may offer crucial hints for
categorizing enzymes and annotating their functions. Based on prior research, such machine-
learning based classification techniques enhanced the classification performance. However,
each of these studies focused on categorizing various enzyme subtypes using such techniques.
Predictions for fresh unclassified data can be made using a characterization of the classes.
Classes can be a simple binary partition (such as a pair of proteins “PMT” or “non-PMT” for
the problem we face in this thesis), or multi-class classification. In this thesis, we have utilized
various machine-learning techniques to categorize PMTs and non-PMT sequences, which is
similar to the research mentioned above. The detail description of all used machine-learning

techniques in this thesis work is described in materials & methods of Chapter 2.

1.10 HYPOTHESIS AND OBJECTIVE

The objective of my Ph.D. work was to build a machine learning-based PMT prediction
method, the oncogenic role of PKMT protein SMYD2, and polymorphism analysis along with
novel inhibitor identification of SMYD2 protein from the class of PKMT. The specific

objectives have been summarized as four major points mentioned here:

1. PMTs are essential for the regulation of epigenetic and gene expression via the
methylation of several histone and nonhistone substrates. PMTs are associated with
the progression of numerous cancer types and have a variety of applications in various
cellular processes. As a result, they are widely recognized as potential cancer
therapeutic targets. Therefore, in light of the well-recognized significance of PMTs, it
is important to have a sophisticated and accurate prediction method for the
identification of PMTs. So, we designed our first objective as “Development of
machine-learning-based prediction method for identifying protein
methyltransferases”.

2. The role of SMYD2 in cancer progression is mostly unknown, and more research into
the gene's role in cancer is required. Thus, we designed our second objective

“Integrative analysis of the oncogenic role of SMYD2 in multiple human
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malignancies” 10 use computational methods to investigate the link between SMYD2
and cancer.

3. Clarifying the physiological and pharmacological implications of methylation on
unknown nonhistone substrates in cancer is critical for the development of effective
anticancer medicines. There are many mutations in SMYD2, and some of them are
thought to have a significant impact on the enzymatic activity of methyltransferase.
Still, the biological functions of maximum mutations have yet to be investigated. To
create anticancer treatments that target the PKMT's SMYD?2 protein, more biological
research into individual mutations is needed. Thus, we designed our third objective as
“sequence and structure-based nsSNPs analysis of SMYD2".

4. Any research-based study or objective has to be accomplished with the development
of some crucial product for the problem under consideration. In contrast to the
significant research into PKMT-specific inhibitors, there has been limited effort has
been made. With respect to small-molecule inhibitors, the development of high-quality
PKMT inhibitors has received increased attention. Additionally, new PKMTs specific
inhibitors are still in great demand to combat cancer progression. We plan to provide
some solutions to the scientific community and therefore we worked on the
development of novel inhibitors for PKMT-specific SMYD2 protein. The
overexpression of PKMT SMYD?2 protein in multiple cancers suggests that it is a
potential candidate for the development of anticancer therapy. Thus, we designed our
fourth and last objective as “Structural investigation and simulation studies t0 design
novel inhibitors for SMYD2".
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ABSTRACT

PMTs are the groups of enzymes that help to catalyze the allocation of a methyl group to its
substrates. These enzymes play a significant role in epigenetic regulation and are able to
methylate various substrates with DNA, RNA, protein, and small-molecule secondary
metabolites. Dysregulation of methyltransferases is intricate in different types of human cancers.
This group of enzymes is also used commercially in different industries. However, in light of the
well-recognized significance of PMTs, it becomes crucial to have reliable and fast methods for
identifying these proteins. In this study, we developed a machine-learning-based method for the
identification of PMTSs. Various sequence-based features was calculated and model training was
performed by using several machine-learning algorithms. A ten-fold cross-validation method was
applied to train the models. The proposed SVM-based CKSAAP model was identified as the best
model for the prediction of PMTs. Our optimal model achieved the highest accuracy of 87.94%
with balance Sensitivity (88.8%) and Specificity (87.11%) with MCC of 0.759 and AUROC of
0.945. Finally, the best model was implemented in standalone software of PMTPred that will
facilitate to predict PMTs. The PMTPred achieved 88.66% prediction accuracy with 85.00%
sensitivity, and 92.33% specificity on the blind dataset. The standalone PMTPred software is

available for download at http://www.bioinfoindia.org/PMTPred/ and

https://github.com/ArvindYadav7/PMTPred for research and academic use.

2.1 INTRODUCTION

PMTs are enzymes that help to transfer a methyl group to their substrates with the help of
universal methyl donor SAM. These enzyme groups play a significant role in the regulation of
epigenetic mechanisms via the methylation of various substrates. PMTs have mainly been
classified into two major classes known as 1) PRMTs that methylate arginine residues, and 2)
PKMTs that methylate lysine residues of the protein substrate. Many diseases such as cancers,
pulmonary disorders, and cardiovascular disease are associated with the dysregulation of PRMTSs
[1]. PKMTs are significantly associated with normal physiology and disease situations [2]. It is a

type of serious and vigorous PTM that can control the protein function and stability [3].
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PMTs play a crucial role in epigenetic regulation and transcriptional events through the
methylation of arginine or lysine residues of histone and non-histone proteins. It has been
reported that overexpression of PRMTs and PKMTs is associated with various types of human
cancers [4], [5]. Thus, PMTs have begun as favorable and unique anti-cancer targets. Many drug
development programs are aimed at the improvement of PMT-based small molecular inhibitors
[6]. These molecule inhibitors have enormous importance in the interpretation of disease
mechanisms and other biological functions of targeted enzymes. Many inhibitors have been
discovered based on PRMTs, and PKMTs [7]-[9]. Up to now, seven PMTs inhibitors have
reached human clinical trials as investigative cancer therapeutics [10]. PMTs are also having
potential applications in biotechnology, chemical biology, and synthetic biology to produce a

variety of synthetic and natural compounds [11], [12].

In the light of the well-recognized role of PMTs in anti-cancer therapy, pharmacological and
biotechnological applications, it becomes crucial to have superficial methods for the
identification of PMTs. Many diverse PMTs sequences are present, but most of these are assigned
as hypothetical, putative, or probable functions based on sequence similarity. However, various
existing experimental approaches for the identification of this protein are costly, time-consuming,
labor-intensive, and require specialized equipment. Due to these obstacles, computational
techniques for the prediction of various proteins emerged as a powerful alternative approach.
Previously, some studies were conducted for the computational identification of
methyltransferase reviewed by Petrossian and Clark [13]. Those studied used sequence-based,
motif-based, and Hidden Markov Model (HMM) based search approaches. The
methyltransferases have a topologically-distinct family of proteins. Thus, the similarity among
primary sequences was found in only a small region of the protein. The search approaches based
on sequence alignment are time-consuming and low-sensitive that can lead to problems in the
prediction of low similarity proteins. Therefore, we need an advanced method that is based on
sequence information rather than simple similarity of amino acids. There is no machine-learning-
based prediction method to best our knowledge available for PMTs to date. So, in this study, we
have developed a sequence-based new computational method using machine learning techniques
that would be helpful for the efficient and accurate prediction of PMTs. We have used different

amino acid-based compositions and physicochemical-based features to train the classifiers to
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facilitate the method. In the obtained results, the composition of k-spaced amino acid pairs
(CKSAAP) represents maximum prediction accuracy with the Support Vector Machine (SVM)
classifier. The CKSAAP feature has been previously used in several protein prediction problems
associated with PTMs [14]-[18]. So, in this study, we offer to utilize a 1-space CKSAAP feature
to construct the model for the prediction of PMTs. The final model-based standalone tool named
PMTPred is available for academic and research use. Thus, PMTPred could assist as a potent tool
for the prediction of PMTs.

2.2 METHODOLOGY

2.2.1 Dataset preparation

The used dataset in the present study was extracted from the public database NCBI

(https://www.ncbi.nlm.nih.gov/), which includes all protein methyltransferase. In this manner,

41146 methyltransferase sequences were retrieved from different organisms. Sequences having a
length of <50 amino acids were removed. Hypothetical, partial, putative, predicted, and
sequences having non-amino acid characters were also removed, and finally identified a total of
17280 methyltransferase protein sequences. Negative data is a prerequisite to developing a
supervised machine-learning-based model. Therefore, to create a negative dataset, a total of
33061 sequences of non-methyltransferase proteins were retrieved from the NCBI database. A
similar protocol used for methyltransferase was followed and identified 3009 non-
methyltransferase sequences. To obtain a non-redundant set of protein sequences CD-HIT
program [19] was used at a 40% sequence identity threshold. Thus, CD-HIT results in 2862
methyltransferase and 3009 non-methyltransferase protein sequences. To construct a balanced
dataset, we randomly selected 2862 proteins out of 3009 non-methyltransferase proteins.
Therefore final dataset has 2862 methyltransferase and 2862 non-methyltransferase proteins.
Hereafter, we called instances of the final dataset a positive and negative dataset, respectively.

Further, to create training and test sets, the 80:20 ratios were considered. We have used 80% of
the total number of sequences as a training set and the remaining 20% as a test set from both
positive and negative datasets respectively. Here, 2290 and 572 sequences were used in training

and testing datasets respectively. We have selected an equal number of positive and negative sets
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in both training and testing data because machine learning can produce an unbiased result on a

balanced dataset [20]. The flow diagram of the used methodology is represented in Figure 2.1.
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Figure 2.1: Diagram of the used methodology of the present work. The main steps contained:
data preparation, feature extraction, model training, model building and evaluation, independent

test, and model construction.
2.2.2 Blind dataset

A blind dataset of PMTs is created from the UniProtKB database (https://www.uniprot.org/). We

selected well-annotated PMTs sequences from various organisms whose 3D structures are
present. Sequence comparison analysis was performed through the CD-HIT-2D program [19] to
ensure any similar sequence was not present in the main dataset (training and test data). Then,
randomly selected a set of 300 PMT sequences with similar number of non-PMT sequences and

created a blind dataset to check the performance of PMTPred.

2.2.3 Feature extraction
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To train the prediction model, we have extracted various types of sequence-based feature
descriptors. Different descriptor representation techniques have been used to convert protein
sequences into numerical features. The feature extraction techniques are very important to build
computational predictors [21]-[23]. In this paper, we have extracted five groups of descriptors
such as amino acid composition (AAC), grouped amino acid composition (GAAC),
autocorrelation, pseudo-amino acid composition (PAAC), and quasi-sequence-order (QSOrder).
Each group may also include several feature extraction techniques. So, in the present study, a
total of 18 descriptors were calculated based on above mentioned five feature groups (Table 2.1)
through a standalone Python-based toolkit of iFeature [24]. A brief description of the five feature

groups is described below.
2.2.3.1 Amino acid composition

The simplest protein feature is amino acid composition (AAC) which is mostly used in protein
structure and function prediction. In a sequence, it calculates the amino acid occurrence of each
type of residue [25]. Another important composition feature is dipeptide composition (DPC). It
calculates the dimer composition of amino acids. We have also calculated some other
composition based features such as dipeptide deviations from the expected mean (DDE) and k-
spaced amino acid pairs (CKSAAP). We also calculated the amino acid distribution patterns of
PMTs sequences using Composition/Transition/Distribution  (C/T/D) of different
physicochemical properties. These descriptors are Conjoint triad (CTriad), Composition (CTDC),
Distribution (CTDD), and Transition (CTDT).

2.2.3.2 Autocorrelation

Moreau and Broto presented autocorrelation-based features which are depend on the distribution
of various properties of amino acid [26]. Here, we have utilized three different types of feature

descriptors such as schemes Geary, Moran, and Normalized Moreau-Broto (NMBroto).
2.2.3.3 Grouped amino acid composition

In this feature descriptor, the sequence feature is categorized into five groups such as, aromatic,
aliphatic, neutral, positive, negative charged amino acid based on their physicochemical
properties then calculate the Grouped amino acid composition (GAAC) descriptors [27]. We also
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determined the GAAC, as well as the Grouped dipeptide composition (GDPC) and the
Composition of k-spaced amino acid group pairs (CKSAAGP). These characteristics can provide

a thorough result relating to charge, hydrophobicity, and other factors.
2.2.3.4 Quasi-sequence-order

This auspicious descriptor can pass over the enormous exertion of peptide/protein sequences due
to the better approach of covariant discriminant (permutations and combinations). It also enables
us to make better predictions by utilizing a variety of protein features [28]. In this group, we have
calculated the descriptors, Quasi-sequence-order (QSOrder) and Sequence-order-coupling
number (SOCNumber).

2.2.3.5 Pseudo-amino acid composition

The pseudo amino acid composition (PseAAC) is presented by the K. C. Chou in the year of
2001 [29]. In comparison to the original AAC technique, this method also describes the protein
by using an amino-acid occurrence matrix of the protein sequence, which has very low sequence
homology. In this group, we have not only calculated the PseAAC but we have also calculated
Amphiphilic PAAC (APAAC) feature.

Table 2.1: Various feature descriptors and the number of descriptors in each group is calculated

by iFeature.
Feature group Descriptor name Number  of | Reference
attributes

AAC AAC 20 [30]
CKSAAP 2400 [31], [32]
DDE 400 [33]
DPC 400 [30], [33]
CTDC 39 [34]-38]
CTDD 39 [34]-[38]
CTDT 343 [34]-38]
CTriad 195 [39]

Autocorrelation Geary 240 [40]
Moran 240 [41], [42]
NMBroto 240 [43]

GAAC CKSAAGP 150 [22], [44]
GDPC 25 [22], [44]
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GAAC 5 [22], [44]
QSOrder QSOrder 100 [45]-[47]
SOCNumber 60 [45]-47]
PAAC PAAC 50 [48], [49]
APAAC 80 [48], [49]

In the present study, we have used the CKSAAP feature vector to represent the protein sequence
in our proposed model. CKSAAP is an extensively used feature in bioinformatics problems [15],
[50]-[53]. It calculates the occurrence of pairs of amino acids separated by any k number of
amino acid residues. Here, ranges for k were chosen from 0 to 5; meanwhile, CKSAAP gives the
same result as DPC when k equals O; therefore, k ranges from 1 to 5 are considered. For example,
if k=0, the residue pair for 0-spaced can be expressed as AA, AC, AD, ..., YY (provide 400
amino acid residue pairs), and if k=1, then 1-spaced residue pair can be represented as AXA,
AXC, AXD, ..., YXY (provide 800 amino acid residue pairs). The CKSAAP feature is defined as:

L _ o NI44] N[4C | N[4D] NI 1,00
}\.TD J?\‘TD J?\‘TD J?\.?D
N[Axd ] N[4xC ] N[4x NTIT
F= 1 [ AxA ]_ [ AxC ]_ [4&D ] [YxY ] 400
N, N, N, N,
‘?\.T A~ ‘?\T Axy ‘?\T Axy i?\.T -t-‘- 7
i - 2[ [ AxxA4 ]_ [ AxxC ]_ [AwD ] [ Yaxl ]]400

N, N, N, N,

where ‘X’ stands for any of the 20 amino acids; Ny 1s calculated as N.= L — (k + 1),
k =1, 2, 3..., where L represent the protein sequence length. The final feature
vector was calculated by concatenating the specific feature vectors. Atk =0, 1, 2,
3,4, and 5, 1t generates a 2400-dimensional feature vector.

2.2.4 Machine-learning method and Model construction

We used different machine-learning algorithms executed with the Python library scikit-learn

(https://scikit-learn.org/). Scikit-learn library allows to development of models by using various

machine-learning algorithms. Here, we used 14 machine-learning algorithms for classification,
namely Support Vector Machine (SVM) [54], Latent Dirichlet allocation (LDA) [55], k-Nearest
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Neighbors (KNN) [56], Logistic Regression (LR) [57], Classification and Regression Tree
(CART) [58], Naive Bayes (NB) [58], Random Forest (RF) [59], Multilayer Perceptron (MLP)
[59], Adaptive Boosting (AdaBoost) [61], light gradient boosting machine (LightGBM) [60],
extreme gradient boosting (XGBoost) [61], Stochastic Gradient Descent (SGD) [62], bootstrap
aggregating (Bagging) [63], and Quadratic Discriminant Analysis (QDA) [55]. The
hyperparameter tuning was applied on training set to find the best possible combination of the
parameter using the 10-fold cross-validation technique for each classification algorithm to obtain
the best model.

2.2.5 Model description
The detail descriptions about the algorithms with tuned parameters are provided below:

e Support vector machine: The position of the data in regard to a boundary between the
positive and negative classes is used by SVM to classify the data. This border line is
called as the hyperplane that help to maximize the distance between both classes. By
extending the idea of constructional risk minimization, SVM addresses the issue of
overfitting and looks at the ideal hyperplane between the two classes. The interaction
between dependent and independent variables is described by this method [54]. It is
widely used machine learning method in the field of bioinformatics [64]-[68]. The radial
basis function (RBF) kernel has been used in the SVM method. We have used the grid
search method, and optimization has been performed for penalty parameter C (from 1.0 to
15.0 at step 1), and the kernel parameter gamma (from 0.00001 to 5.0 at step 0.1).

e Latent dirichlet allocation: One of the most widely used techniques for topic modelling
is latent Dirichlet allocation. Each document has a variety of words, and certain words
can be connected to particular topics. The LDA's goal is to identify the themes to which
the document belongs based on the terms that are present in it. It makes the assumption
that texts on related subjects will employ the same set of vocabulary [55]. In order to
map the probability distribution over latent themes and topics that are probability
distribution, this is necessary. The hyperparameters tuning were performed for alpha 0.1
to 0.5 and beta 0.01 to 0.05.
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e Kk-nearest neighbours: It is a non-parametric supervised learning technique that groups
together previously known data and uses that information to categorise new data based on
similarity. The linear decomposition approach, which retrieves neighbour data using the
Euclidean distance between data points, operates on the coordinate plane [56]. KNN
method is primarily utilised for classification issues. The hyperparameter tuning was
performed for n_neighbors (from 1 to 10 at step 1), leaf size (from 20 to 40 at step 1) and
p(1,2)

e Logistic regression: The powerful linear combination of variables that is most likely to
affect the observed outcome is presented iteratively in LR. In this approach, a logistic
function is used to simulate the probability describing the potential outcomes of a single
track. The sigmoid function is used to calculate the likelihood of a label [57]. It is
frequently employed for binary categorization issues like true or false, positive or
negative, etc. The hyperparameters tuning was performed for penalty (I1 and 12) and C
(0.01, 0.1, 1.0, 10, 15).

e Classification and regression tree: A predictive method called CARD shows how the
values of a target variable can be anticipated based on the values of other variables. It is a
decision tree, and each fork is divided into a predictor, with predictions for the target
variable at each node at the end. A classification algorithm known as CARD is necessary
to construct a decision tree using Gini's impurity index [58]. When the dataset needs to be
divided into classes that correspond to the response variable, CARD is utilised. Positive or
negative classifications might apply in numerous situations. The hyperparameter tuning
was performed for max_depth (from 2 to 10 at step 1).

e Naive bayes: The naive assumption that each feature is independent of the others was
employed in the naive Bayes technique, which applied Bayes' Theorem to determine the
conditional probability based on prior knowledge [59]. For each new classification
operation, the nave Bayes algorithm must re-scan the entire dataset, which could slow it
down. As a result, it functions well with less training data. It was run at default
parameters.

e Random forest: Random forest is a popular algorithm that belongs to the supervised

learning technique. It is being developed and tested as a collection of decision trees. With
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several estimators and automatic variable selection, RF can handle big datasets.
According to reports, it offers fair estimates [59]. The hyperparameter tuning was
performed for tree depth as, trees range from 50 to 500 at step 50.

e Multilayer perceptron: The multilayer perceptron is feed forward artificial neural
network (ANN). From a set of input layers, it creates a set of output layers. The real
computational engine of the MLP consists of an arbitrary number of hidden layers that are
sandwiched between the input and output layers. Data in MLP moves forward from the
input layer to the output layer. Backpropagation was a supervised learning method
employed by MLP [59]. The hyperparameters tuning was performed for hidden layer sizes
(100-150), epochs (300) and activation (relu).

e Adaptive boosting: One of the earliest boosting algorithms to employ the ensemble
method to address the binary classification issue was AdaBoost. Adaboost aids in fusing a
number of poor classifiers into one powerful classifier. The basic idea behind boosting
methods is that after creating a model using the training dataset, we create a second model
to fix any mistakes in the original one. This process is repeated until the mistakes are
reduced and the dataset can be accurately forecasted [61]. The base estimator
hyperparameter was tuned in AdaBoost and used at 10, 50, and 100.

e Light gradient boosting machine: Gradient boosting has a framework and a variation
called LightGBM. Light GBM is based on Decision tree methods, just as another gradient
boosting method. We can decrease memory utilisation and boost efficiency with the aid of
Light GBM. LightGBM expands leaf-wise but other gradient boosting frameworks
increase level-wise, which is the primary distinction between them [60]. The
hyperparameters tuning were performed for leaves range (from 20 to 100 at step 10),
depth range (from 15 to 55 at step 10) and learning rate range (from 0.01 to 0.15 at step
0.02).

e Extreme gradient boosting: When training data is utilised to forecast a target variable,
supervised learning problems are addressed with XGBoost [61]. It is built on the
principles of gradient boosting framework and designed to “push the extreme of the

computation limits of machines to provide a scalable, portable and accurate library.” The
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hyperparameters tuning were performed for depth range (from 3 to 10 at step 1) and
learning rate range (from 0.01 to 0.3 at step 0.05).

e Stochastic gradient descent: It is a straightforward but incredibly effective method for
optimising linear classifiers. It employs a straightforward stochastic gradient descent
learning procedure that supports various classification loss functions and penalties [61].
The optimization procedure stochastic gradient descent is frequently used in machine
learning applications to identify the model parameters that best match the expected and
actual outputs. It is a crude but effective method. The hyperparameters tuning were
performed for learning rate (0.1, 0.01, 0.001), estimators (10, 50, 100) and max depth (3,
5).

e Bootstrap aggregating: A common ensemble technique called bootstrap aggregation,
also known as bagging, fits a decision tree to various bootstrap samples of the training
dataset. In ensemble machine learning, bagging uses a number of weak models to
aggregate the predictions and choose the best one [63]. The hyperparameter tuning were
performed for estimator range (from 10 to 100 at step 10).

e Quadratic discriminant analysis: QDA is similar to LDA based on the fact that there is
an assumption of the observations being drawn from a normal distribution. The difference
is that QDA assumes that each class has its own covariance matrix, while LDA does not
[55]. The hyperparameters tuning were performed for solver (‘svd’) and shrinkage (from 0
to 1 at step 0.01).

2.2.6 Model performance evaluation

The k-fold cross-validation technique was employed to measure the performance of classifiers. In
this technique, each instance of the dataset is used to be tested once for prediction. Therefore, it is
a purely unbiased method for the testing model efficiency. In this study, a 10-fold cross-
validation technique has been used. In this procedure, the dataset is distributed into 10-equal
subsets one subset at a time considered a test set, and the rest of the nine subsets were combined
and used as a training set. This whole procedure is repeated for 10-times so that every subset can
be considered as a test set for at least one time. Finally, the scores of evaluation metrics of these
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10 groups are averaged that evaluates the performance of the trained model. Then, independent

test set (data that is not present in training set) was also used for validate the models performance.

Further, to estimate the model's performance, we have calculated various metrics like sensitivity
(Sen), specificity (Spe), accuracy (Acc), precision (Pre), and Matthews correlation coefficient
(MCC). All these parameters are computed by the utilization of the following formulas.

en=——-x100
Spe=————x100
(TN + FP) 2
Acc = (TP+TN) 100
(TP+FP+TN +FN) 3)
Pre:Lxloo
MCC (TPxTN)—(FP x FN) (5)

~ J(TP + FN)(TP + FP)(TN + FP)(TN + FN)

where, TP, TN, FP, and FN are the True Positives (correctly classified PMT), True Negatives
(correctly classified non-PMT), False Positives (incorrect classification of non-PMT as PMT),
and False Negatives (incorrect classification of PMT as non-PMT), respectively. Besides that, the
area under receiver operating characteristics (ROC) curve (AUROC) and area under the
precision-recall curve (AUPRC) were also calculated. Graph for AUROC and AUPRC has been
plotted to estimate the visual assessment of the model. The ROC curve represents the false
positive rate vs. true-positive rate, and the PR curve represents precision vs. recall. AUROC and
AUPRC also present the performance measure, and an AUROC and AUPRC are close to 1,

which signifies the best prediction of the model.
2.3 RESULTS AND DISCUSSION

2.3.1 Performance of different machine-learning algorithms
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The biological activity of any protein depends upon its basic sequence [69]; therefore we have
used the sequence-based feature for model development. Various machine-learning algorithms
were applied with different features on training data to train the models. It is because machine-
learning methods are problem-specific [70]. Therefore, method selection requires exploring
different methods on the same dataset for the selection of the best one. Here, we have considered
18 features calculated from five different groups of descriptors. Then, each feature is further
trained with 14 machine-learning algorithms and measured the performance accuracy using a 10-
fold cross-validation technique, and independent testing. The parameters of all classification
algorithms have been carefully optimized to achieve the best result. The performance of all 14
models with 18 features in term of accuracy using training dataset is shown in Annexure table
2.1. Then independent test dataset was applied to evaluate the performance of all models and
result is shown in Annexure table 2.2 and Figure 2.2.

SOCNumber 7790"1" —___APAAC —SVM

LR

QSOrder CKSAAGP

—LDA

CKSAAP =—KNN

——CART

—NB

MoreauBroto (—_/ X ETDE

—RF

=——MLP

Moran -~ CTDD AdaBoost
= XGBoost

——LightGBM

Geary CTDT

SGD

GDPC B Bagging

iF QDA
GAAC —— _— DDE

DPC

Figure 2.2: Performance of different machine learning algorithms trained with various feature

sets in terms of accuracy on the 10-fold cross-validation test.
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Comparative analysis of all 14 methods using 18 features represents that the top classification
proficiency was achieved using the 5-spaced CKSAAP feature with SVM classifier, followed by
XGBoost, LightGBM, and MLP as shown in Figure 2.2. It achieved the prediction accuracy of
87.02 and 87.94% on the train and test set respectively. CKSAAP also outperform with XGBoost
(85.32% accuracy) and LightGBM (85.24% accuracy). In various studies, SVM found most
suitable machine-learning method for binary classification problems [64]-[68]. Additionally, it
was observed that—-CKSAAP feature has been used in various protein prediction problems
associated with PTMs [14]-[18]. The SVM (c= 1 and gamma= scales) provides maximum
performance using CKSAAP with Sen of 87.38%, Spe of 88.48%, Acc of 87.94% with MCC of
0.759, and AUROC of 0.904. Although the AUROC of some features (DDE, DPC, and PAAC) is
higher than CKSAAP, other metrics like Sen, Spe, Acc, and MCC are lower (Table 2.2). Our
results revealed that SVM is a robust classification algorithm for the prediction of PMTs. Thus,

based on performance, SVM is adopted as a classifier for this study.

Table 2.2: Top performance of each feature set on independent test set. For each row, we list the
feature name, ML algorithm, and the number of features and performance evaluation of 10-fold

cross-validation.

Feature ML _ Performance evaluation
Algorithm | Acc | Sen | Spe Pre MCC | AUROC

AAC SVM 82.62 | 84.90 | 80.41 |80.74 | 0.653 | 0.904
APAAC MLP 83.39 | 81.17 | 77.49 | 77.72 | 0.664 | 0.877
CKSAAGP LightGBM | 76.85 | 78.68 | 75.08 | 75.34 | 0.538 | 0.841
CKSAAP SVM 87.94 | 87.38 | 88.48 |88.01 | 0.759 | 0.904
CTDC LightGBM | 77.70 | 78.89 | 76.50 | 77.41 | 0.554 | 0.847
CTDD XGBoost | 71.94 | 73.87 | 69.96 | 71.52 |0.439 | 0.785
CTDT SVM 79.80 | 85.64 | 73.85 | 76.98 | 0.599 | 0.859
Ctriad XGBoost | 79.02 | 77.16 | 80.91 | 80.50 |0.581 | 0.864
DDE XGBoost | 84.45 | 84.36 | 84.53 | 84.07 | 0.689 | 0.912
DPC XGBoost | 84.10 | 85.61 | 82.64 | 82.67 | 0.683 | 0.923
GAAC SVM 72.05| 78.33 | 65.97 | 69.01 | 0.446 |0.784
GDPC RF 73.88 | 76.02 | 71.99 | 72.41 |0.480 | 0.811
Geary SVM 7220 | 71.43 | 72.43 | 72.72 | 0.444 | 0.801
Moran SVM 71.85|70.76 | 72.96 | 72.77 | 0.437 | 0.799
MoreauBroto | SVM 77.18 | 78.54 | 75.79 | 76.81 | 0.544 | 0.848
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PAAC MLP 83.49 | 85.96 | 83.67 | 83.59 |0.696 | 0.912
QSOrder LightGBM | 83.40 | 84.36 | 82.47 |82.32 | 0.668 | 0.908
SOCNumber | LightGBM | 73.01 | 73.00 | 73.02 | 72.35 | 0.460 | 0.802

2.3.2 Performance of different CKSAAP feature subset

The high-dimensional features eventually increase the computational complexity and may also

contain irrelevant or redundant attributes that affect accuracy reduction [71], [72]. Also over-

fitting will be increased exponentially with the increase of k-value in CKSAAP features due to

the large feature dimension. So, to avoid the risk of over-fitting with a high dimensional vector in

SVM, we have performed a test with reduced feature dimension of CKSAAP. The dimension

reduction of CKSAAP has been carried out by changing the value of k-spaced. We have

decreased the k-spaced value from 5 to 1, and reduced the dimensionality of CKSAAP from 2400

to 800 attributes. So, by decreasing the k-value we have encoded four more CKSAAP feature

subsets. Then, performance was evaluated with 14 machine-learning algorithms using 10-fold

cross-validation test (Figure 2.3).
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Figure 2.3: Performance comparison of CKSAAP features with a different set of descriptors

using various machine-learning methods.

The accuracy performance of CKSAAP-; with vector size 800 is similar to the performance of
CKSAAP,-5 with vector size 2400. The maximum performance was achieved by SVM on c=1
and g = ‘scales’ in each feature set. The performance of CKSAAP at different k-spaced values
does not change much. Both models of CKSAAPy-5s and CKSAAPk-; achieved the maximum
accuracy of 87.94%. Thus, the CKSAAPk-; model can effectively avoid the over-fitting problems
compared with CKSAAP-s. This model will also speed up the prediction and improves
efficiency. CKSAAP,-; had the highest Sen of 88.80% and MCC of 0.759 amongst all variants of
CKSAAP with AUROC of 0.945. The accuracy of CKSAAP-4 is almost similar to CKSAAPy-;
with an improved AUROC of 0.952 (Table 2.3). The value of Sen is more considerable because it
can improve the identification accuracy of the positive sample by reducing its scope. In the case
of the CKSAAP-; model, a little change in AUROC may help us reduce the computation and

lower the risk of over-fitting due to the large feature dimension.

Table 2.3: The feature selection process is driven by the performance of SVM on different k-
spaced values of CKSAAP.

Feature k-spaced | Vector | Acc Sen Spe Pre | MCC | ROC
value size

CKSAAP=s 5 2400 87.94 | 87.38 | 88.48 | 88.01 | 0.759 | 0.904

CKSAAP-, 4 2000 87.77 | 87.74 | 87.8 | 87.43 | 0.755 | 0.952

CKSAAP-3 3 1600 87.86 | 88.27 | 87.45 | 87.19 | 0.757 | 0.949

CKSAAP-, 2 1200 86.81 | 87.21 | 86.42 | 86.14 | 0.736 | 0.946

CKSAAP-; 1 800 87.94 | 88.8 | 87.11 | 86.95 | 0.759 | 0.945

Figure 2.4A shows the performance of the CKSAAP-1 model in terms of the ROC curve on
training and testing datasets. The highest AUROC values achieved by the training and testing
datasets model were 0.9847 and 0.9448, respectively. The model had an AUPRC value of 0.9415
(Figure 2.4B). The ROC and PRC values towards one suggested that our selected model has
better prediction ability. We have performed the trade-off between precision and recall to find the
best threshold value. The best threshold value was obtained at 0.5 (Figure 2.4C). Therefore, we

have selected the CKSAAP-; model based on best performance with a low-dimension feature

Arvind Kumar Yadav, Ph.D. Thesis, Jaypee University of Information Technology, 2022 83



Chapter- 2

vector as a final model for the implementation purpose in our proposed PMTPred tool. Further,

we have used the blind dataset to validate the prediction performance of PMTPred.

A

10

08

=3
=Y

True Positive Rate
o
=

02

00

Test ROC curve area
e Train ROC curve area

= 09448
=0.9847

B 10 <

09 N

o
@
4

Precision
/

o
~
7/

06 ~

Test PRC = 0.9415

00 02

04 06 08
False Positive Rate

10

00 02 04 06 08 10

C w
08
06
04
02

— OrECISION
0.0 - recall

Recall

00 02

04

06 08 10
Threshold

Figure 2.4: ROC and PRC curve of CKSAAP model. (A) ROC and (B) PR curve for the
proposed model (CKSAAP-;) (C) Graph for precision and recall curve vs. threshold.

2.3.3 Validation of PMTPred on a blind dataset

To evaluate the unbiased performance of the CKSAAP-based SVM classifier (PMTPred), a blind

test evaluation has been carried out on the blind test dataset consisting of 300 PMT and 300 non-

PMT protein sequences. The prediction accuracy of PMTPred was found to be 88.66% with

85.00% sensitivity, and 92.33% specificity. The performance metrics is shown in Table 2.4.
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Therefore, the blind-test performance established that CKSAAP based SVM model has good

prediction capacity.

Table 2.4: Performance of PMTPred on blind dataset.

Parameter Performance
Accuracy 88.67%
Sensitivity 85.00%
Specificity 92.33%
Precision 91.73%
MCC 0.7754
F1 0.8824
AUROC 0.9504
AUPRC 0.9505

2.3.4 Standalone PMTPred

To serve the research and academic community, we have developed the standalone PMTPred
software in Python. A snapshot of the PMTPred home page is shown in Figure 2.5. The designed

code and other useful files can be downloaded from http://www.bioinfoindia.orqg/PMTPred/ and

https://github.com/ArvindYadav7/PMTPred. Users can provide input sequence files in FASTA

format, and the result can be saved as CSV file format. The output result has sequence ID,
prediction class, and probability score in the CSV file.
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Welcome To PMTPred

PMTPred is develeped to predict the Protein Methyltransferases (PMTs) with high accuracy using machine-learning approach. PMTs constitute a class of enzymes that catalyze
the methylation of lysine or arginine residues on histones and non-histones proteins. A number of PMTs have been directly assodated with the pathogenesis of diseases such
as human cancers, inflammatory diseases, neurodegenerative diseases etc.

PMTPred is standalone software package for the prediction of PMTs. SWM-based prediction model was developed using optimal feature set having =71% prediction accuracy.
Optimal feature set include compesition of k-spaced amino acid pairs (CKSAAP) as an input feature. For a given guery protein sequence, PMTPred predicts its class with
prediction probability score. This software could be used to fast and accurate prediction and large scale annctation project for the PMTs with high speed and without any
specific need of software installation.
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Figure 2.5: Home page of PMTPred.
2.4 CONCLUSION

In this work, a computational approach for constructing the machine learning-based model was
proposed and successfully utilized for the prediction of PMTs. Based on performance, it is
concluded that SVM offers the best possible model for the prediction of PMTs. 10-fold cross-
validation method revealed that composition-based CKSAAP feature given top performance. A
low-dimensional CKSAAP feature model with better performance has been obtained through the
iteration of the k-spaced value. The AUROC and AUPRC values also demonstrated that the
SVM-based CKSAAPy-1 model had a better predictive performance. Thus, we implemented the
best and low-dimensional CKSAAP-1 model in the PMTPred tool for the prediction of PMTs.
We believe that PMTPred would be very useful for the efficient prediction of PMTs to the

scientific community and will have myriad applications.
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ABSTRACT

SMYD?2 is a protein from the family SMYD of PKMT. It has the ability to regulate the
transcription of the gene by catalyzing the methylation of lysine residues in protein substrates,
which show a critical role in tumorigenesis. Although emerging evidence supports the association
of SMYD2 in the progression of cancers but mostly are unexplored. Therefore further study of
the gene about cancer progression needs to be conducted. Based on the TCGA data, we
computationally analyzed the potential carcinogenic effect of SMYD2 in multiple tumors. The
transcriptional expression, survival rate, mutations, enriched pathways, and gene ontology of the
SMYD2 was determined using different bioinformatics servers. In addition, the protein-protein
interaction (PPI) analysis was performed and examined the correlation between genes co-
expressed with SMYD2 and immunocyte infiltration in multiple cancer types. It was observed
that a higher expression of SMYD2 was present in tumor tissues as compared to normal tissues in
queried cancer types. The prognostic analysis showed a strong association with cancers. We
detected 15 missenses, 4 truncating mutations, and 5 others. In PPI analysis, out of 50 protein
partners, most of them indicated significant co-expression. The gene GNPAT was found to be the
most highly associated. Gene ontological properties and pathways were found to be significantly
linked to the development of cancer. Collectively, our data-driven results provide a relatively
comprehensive insight into the understanding of the carcinogenic effect of SMYD2. It is
projected that SMYD2 could be a significant target for biomarker identification in different

human tumors.
3.1 INTRODUCTION

Cancer is considered as most death-causing disease around the world and has become a serious
health burden on our society. Cancer is an imperative cause of morbidity and mortality in every
country of the world. It has surpassed cardiovascular diseases as the next largest reason of death
globally [1]. According to the latest press release by the WHO in 2020, there were 19.3 million
new cancer patients diagnosed and nearly 10 million cancer deaths occurred globally. It is
expected that the burden of cancer will be reached 28.4 million patients by the year 2040 [2]. The
increasing changes that occur in genetic and epigenetic parameters boost tumorogenesis, which is

positively correlated with the diagnosis of cancer patients. Differentially expressed genes linked

Arvind Kumar Yadav, Ph.D. Thesis, Jaypee University of Information Technology, 2022 94



Chapter- 3

to cancer patient survival could be exploited as diagnostic markers to aid early cancer detection
[3]. Therefore, cancer investigation, identification of related biomarkers, and development
methods for active prevention are important requirements for early cancer diagnosis and

treatment.

PMT is a catalytic enzyme that helps to transfer the methyl group to their substrate from the
SAM. It shows a significant role in epigenetic mechanisms and is involved in the methylation of
various substrates for example DNA, RNA, protein, and secondary metabolites [4]. PMTs play a
crucial role in transcriptional events through histone methylation and non-histone methylation at
the position of arginine or lysine residues. PKMT is a type of PMT that helps to transfer a methyl
group to the lysine residue of the substrate protein. It has been described that overexpression of
PKMTs is linked with different types of human cancers [5], [6].

SMYD?2 is a protein from PKMTs that is implicated in tumorigenesis and can influence gene
transcription through lysine methylation [7]. Numerous studies have uncovered the activity of
SMYD2 methylation to non-histone protein [8], [9]. The SMY D2-specific non-histone substrates
are significantly associated with the processes related to cancer [10], [11]. Numerous tumor-
causing proteins for example [12], HSP90 [13], RB [14], [15], ERa [16], PTEN [17], PARP1
[18], and STAT3 [19] are get methylate through SMYD2. Therefore, it has been evidenced that
SMYD?2 is an onco-related protein that can affect the function of cancer suppressor proteins. The
various analysis represented that overexpression of SMYD2 is present in various human cancers,
like breast, bladder, colorectal, esophageal, lymphoma, ovarian, head, and neck, cervical, and
pancreatic cancer [12], [14], [20].

In this analysis, we scientifically explored the SMYD2 expression and its clinical outcomes to
evaluate the SMYD?2 as a potential marker for cancer treatment. Various expression and patient
survival datasets available on several online platforms were used for this analysis. We measured
multiple factors such as the difference in gene expression, survival value, gene mutations,
phosphorylation, methylation, immune infiltration, and functional enrichment analysis to explore

the prospective molecular mechanism of the oncogenic role of SMYD?2 on the pathogenesis.

3.2 METHODOLOGY
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3.2.1 Gene expression analysis

The SMYD2 expression level in tumor tissue and corresponding normal tissue for different
cancers across all tumors of the TCGA project was analyzed using the GEPIA2 [21]
(http://gepia2.cancer-pku.cn/#analysis) and TIMER?2 (http://timer.cistrome.org/) [22].

GEPIAZ2: It is an online platform that used RNA sequencing expression data of 9736 tumors and
8587 normal samples from the TCGA and Genotype-Tissue Expression (GTEX) project using a
standard protocol [23]. We analysed the expression differences of SMYD2 gene in all TCGA
tumors and normal tissues. Additionally, we also analyzed the SMYD2 gene expression
difference in tumors and their corresponding normal tissues using GTEx database as control.
Statistical method analysis of variance (ANOVA) was used to calculate the differential gene
expression in between tumor and control tissues. Parameters for the assessment method were
under the setting of log2FC (fold change) of 1, g-value cutoff of 0.01, and “Match TCGA normal
and GTEx data”. Moreover, the violin plots for the expression level of SMYD2 in diverse
pathological stages (i.e. stage 1-V) of all TCGA tumors were also explored. The log2 [TPM
(Transcripts per million) +1] transformed data were applied for the construction of violin plots.
Statistical significance was set at P< 0.05. The complete workflow of the present study is shown

in Figure 3.1.

TIMERZ2: It is a public database that for differential expression between tumor and adjacent
normal tissues at transcript level across all TCGA tumors. The data was normalized using log2
TPM transformation. Box plots were created to represent the level of expression distributions.
The statistical significance between tumors and normal tissues was calculated by Wilcoxon test

was annotated by the number of stars (*: p-value < 0.05; **: p-value <0.01; ***: p-value <0.001).
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u

3.2.2 Survival prognosis analysis

The cancer patient survival analysis with the expression of SMYD2 gene was performed using
TCGA cancer patient data. To calculate the overall survival (OS) and disease-free survival (DFS)
of cancer patient the Kaplan-Meier (K-M) plots were calculated by using online resource
GEPIA2 [21]. The median score was used as cutoff the division of high-expression and low-
expression cohorts, the 50% cutoff value was used as the low and high expression thresholds. For
the hypothesis test, the log-rank test also called Mentel-Cox test was utilized. Additionally, the
hazard ratio (HR) with 95% confidence intervals was computed. The P< 0.05 was considered

statistically significant for all survival analysis.

3.2.3 Promoter methylation analysis
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The promoter methylation analysis in multiple cancer patients has been studied in TCGA dataset

by using UALCAN (http://ualcan.path.uab.edu/analysis-prot.html) web portal [24]. It is an online

resource to evaluate the omics data associated with cancer and helped to analyze the expression
of protein datasets from the Clinical Proteomic Tumor Analysis Consortium (CPTAC) and
TGCA databases. To generate the results, the parameters were left at their default values. The
database utilized TPM to normalize the methylation expression value of row data from TCGA.
The statistical method Wilcoxon rank sum test was utilized for the methylation differential
analysis. The methylation level indicates in term of Beta value that ranging from 0 (non-
methylated) to 1 (fully methylated). The Beta value cut-off between 0.25 to 0.3 and 0.5 to 0.7 has

been considered as hypo-methylation and hyper-methylation respectively.
3.2.4 Genetic alteration analysis

Alteration analysis for SMYD2 was investigated using the online resource of cBioPortal
(https://www.cbioportal.org/) [25], [26] by selecting the “TCGA Pan-Cancer Atlas Studies”. All

TCGA tumors were examined for the alteration frequency, mutation type, and copy number
alteration by using 4617 samples. The mutation frequency chart was generated to see the
distributions of mutations. We also analyzed the differences between TCGA cancer patients with
and without SMYD2 mutations in terms of disease-specific, disease-free, overall, and
progression-free survival. To create K-M graphs, the log rank of the P-value was utilized. A log-

rank P-value <0.05 was considered significant.

3.2.5 Immune infiltration analysis

Using six cutting-edge algorithms, TIMER2.0 provides a more reliable estimation of immune
infiltration levels for TCGA or user-provided tumor profiles [22]. By choosing CD8+ T-cells and
cancer-associated fibroblasts in “Immune” module using “Gene Symbol: SMYD2” generate a
heatmap with purity-adjusted spearman’s rho value across the cancer types. Then by clicking on a
particular cell, we generated the immune cell infiltration and SMYD2 expression plot across all

tumor types. TIMER2 utilized the following algorithms for the estimation of immune infiltration.

CIBERSORT (https://cibersortx.stanford.edu/): In this algorithm, single cell RNA-seq or bulk-
sorted reference profiles are used to estimate cell-type frequencies from bulk gene expression
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data. Cell-type-specific gene expression profiles of n different cell types are inferred at the

sample level, and platform-specific variance is overcome [27].

TIMER (http://cistrome.org/TIMER/): In this algorithm, analysis of six immune cell types across

various cancer types is focused on quantifying immune cell infiltration from TCGA Project [28].

QUANTISEQ (http://icbi.at/quantiseq): In this algorithm, calculates the ratios of 10 different

immune cell types using data from bulk RNA sequencing [29].

EPIC (http://epic.gfellerlab.org/): It uses transcriptome data to calculate the absolute fraction of

several immune and cancer cell types [30].

XCELL (https://xcell.ucsf.edu/): It utilises gene signature enrichment from 64 different cell types

to infer cell abundance [31].

MCPCOUNTER (https://github.com/ebecht/MCPcounter): It employed an enrichment method to

infer the presence of eight immune and two stromal cell types in bulk tissues [32].

Mostly, immune cell types have a negative correlation with tumor purity, thus tumor purity
considered as a significant confounding factor. Therefore, we used "Purity Adjustment™ option,
which will carry out this association study using the partial spearman’s correlation. The P-values
and partial correlation values were obtained via the purity-adjusted Spearman’s rank correlation
test. A P-value<0.05 was considered statistically significant. Correlation outputs data were

represented with the help of scatter plots and heatmaps.

3.2.6 SMYD2-associated gene enrichment analysis

The protein name “SMYD2” was searched on the STRING (https://string-db.org/) database with

the organism “Homo sapiens”. Consequently, other parameters were considered as the score for
the minimum required interaction [“Low confidence (0.150)”], the meaning of network edges
(“evidence”), maximum interactors to display (“no more than 50 interactors”), and active
interaction sources (“experiments”). Lastly, the SMYD2-associated proteins were determined
experimentally, and the interactions of the protein-protein network were generated through
Cytoscape [33].
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The datasets for selected normal and tumor tissues were used in the GEPIA2 server the finding
the top 100 targeted genes associated with SMYD2. In this study, Enrichr web
(https://maayanlab.cloud/Enrichr/) [34] was used for pathways and gene ontology (GO) analysis.

Reactome 2022 and the Kyoto encyclopedia of genes and genomes (KEGG) 2021 databases were
utilized to define the signaling pathways. The SMYD2-correlated genes were classified into
biological processes, cellular components, and molecular functions using GO terms. Statistical
significance was defined as a p-value of less than 0.05. The p-values and g-values were calculated
for significant terms. The g-value (adjusted p-value) was calculated using the Benjamini-
Hochberg method. The top 10 enriched terms for input gene set were displayed on bar charts

based on the -log10(p-value).
3.3 RESULTS AND DISCUSSION

3.3.1 Analysis of gene expression data

SMYD?2 has been found to be associated with several biological and cellular processes in
numerous species [35]. Several studies have been reported about the functional association
between SMYD2 and tumors [36]-[39]. There, here to gain an overall oncogenic role of the
SMYD?2 in cancers, the gene expression profile was analyzed in several normal and cancer types
of tissues by using the TIMER2 database. The SMYD?2 is highly expressed in nearly all types of
cancer (P<0.001) as compared to their equivalent normal tissues (Figure 3.2A). The x-axis shows
the SMYD2 gene expression in log2 fold change values whereas, the y-axis shows the tissue types
where SMYD?2 is expressed. Analysis of TCGA datasets by using the GEPIA2 database also
showed similar SMYD2 expression in bladder carcinoma, colon adenocarcinoma, cervical
squamous cell carcinoma, diffuse large B-cell lymphoma, liver hepatocellular carcinoma,
pancreatic adenocarcinoma, rectum adenocarcinoma, skin cutaneous melanoma, thymoma,

uterine corpus endometrial carcinoma and uterine carcinosarcoma (Figure 3.2B).
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(green dashed line) tissue samples using GEPIA2. The cancers names with significantly

P<0.001) (B) Gene expression profile of SMYD2 analyzed in tumors (red dashed line) and normal

of human cancers. The tumor expression is shown in red color and normal expression is shown in
blue color. The stars represent the statistical significance level (* P<0.05; ** P<0.01; ***

Figure 3.2: The difference in SMYD2 expression level between the normal and tissues in all
TCGA cancer types. (A) SMYD2 expression levels were analyzed by using TIMER2 in 33 types
Arvind Kumar Yadav, Ph.D. Thesis, Jaypee University of Information Technology, 2022

expressed are marked with red color and low expressed are marked with green color.
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From expression analysis, we selected only those cancer types in which the higher expression of
SMYD?2 is reported in the progression of cancer. Those cancer types are bladder, cervical,

lymphoid, head and neck, liver, ovarian, kidney, colon, breast, pancreatic cancer, and esophageal.

We next used GEPIA2 to compare the expression difference of SMYD?2 in the GTEXx dataset as a
control. Tumor and normal tissues of 11 cancer types such as breast invasive carcinoma (BRCA),
bladder urothelial carcinoma (BLCA), colon adenocarcinoma (COAD), cervical squamous cell
carcinoma, and endocervical adenocarcinoma (CESC), lymphoid neoplasm diffuse large B-cell
lymphoma (DLBC), head and neck squamous cell carcinoma (HNSC), esophageal carcinoma
(ESCA), kidney renal clear cell carcinoma (KIRC), liver hepatocellular carcinoma (LIHC),
ovarian serous cystadenocarcinoma (OV), and pancreatic adenocarcinoma (PAAD) were used to
evaluate the expression difference of SMYD2. The expression comparison between normal and
tumor tissues is represented by the box plot. As compared to normal tissues, all tumor types
showed higher expression. A significant expression difference (P<0.01) was observed for the
tumors BLCA, COAD, CESC, DLBC, and PAAD (Figure 3.3). Henceforth, the analyzed result

indicates that the overexpression of SMYD?2 plays a vital role in the various cancer progression.

Furthermore, we used the GEPIA2 tool to examine the correlation between the SMYD2
expression and cancer pathological stages (stage 1-V). The violin plots for the pathological stages
of all 11 cancer types are shown in Figure 3.4. The expression of SMYD2 varied more than six
orders of magnitude in maximum cancer types. This analysis suggested that SMYD2 has a
promoting role in the incidence and progression of cancer.

3.3.2 Analysis of survival data

To explore the critical efficiency of SMYD2 in the survival of various cancer cases, we used
GEPIA2 to evaluate survival data and create a link between miRNA expression and cancer
patient survival. The K-M plots for OS and DFS analysis for all types of cancer were analyzed. A
high level of SMYD2 in CESC (HR 2.3, P = 0.00045) and a lower level of SMYD2 in KIRC (HR
0.49, P = 6e-06) were expressively correlated with the overall survival of cancer patients (Figure
3.5). The lower level of SMYD2 in BRCA (HR 0.68, P = 0.046) and KIRC (HR 0.63, P = 0.013)
and a higher level of SMYD2 in COAD (HR 2, P = 0.0061) and HNSC (HR 1.6, P = 0.008) were
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expressively correlated with disease-free survival (Figure 3.6). The low SMYD2 expression group

had a greater survival rate as compared to the higher expression group in maximum cancer types
for both the OS and DFS.
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Figure 3.3: SMYD2 expression in different cancers analyzed by GEPIA2 using the TCGA

dataset. The expression of SMYD?2 in all cancer tissues was compared to the equivalent normal
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tissues using the GTEX as a control database. The box plots depicting the expression of SMYD2
in the tumor tissues are shown in different colors while corresponding normal tissues are gray.

The statistically significant difference (P<0.01) was marked with a red color asterisk (*).
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Figure 3.4: The levels of SMYD2 expression between different pathological stages (stage 1-V)
based on the TCGA dataset by applying the log-scale as Log2 (TPM+1).
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Figure 3.5: K-M plots represented the relationship between high (color) and low (black) SMYD2

gene expression with overall survival of patients in multiple cancers.
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Figure 3.6: K-M plots represented the relationship between high (color) and low (black) SMYD2
gene expression with disease-free survival of patients in multiple cancers.
3.3.3 Analysis of DNA methylation data

DNA methylation at the promoter level is more important epigenetic regulators of gene
expression. Multiple malignancies have been found to have distinct and abnormal
hypermethylation of CpG-rich regions (called CpG islands) or whole-genome hypermethylation
[40], [41]. Hence, we discovered a possible correlation between SMYD2 expression and
methylation in a variety of cancer types. The beta value shows the degree of DNA methylation,
which ranges from 0 (unmethylated) to 1 (completely methylated). In BRCA, CESC, COAD,
ESCA, and KIRC cancers, the promoter methylation level was shown to be higher. The reduced
methylation level was observed in BLCA, HNSC, LIHC, and PAAD tumors in comparison to
their counterparts of normal tissues in the UALCAN analysis using the TCGA dataset (Figure

3.7).
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Figure 3.7: Promoter methylation of the SMYD2 gene in different tumor tissues and their
corresponding normal tissues. The promoter methylation level was expressed as a box plot, the
blue color represents the normal tissues and the red color represents the tumor tissues. DNA
methylation level has been shown in terms of beta value.

3.3.4 Analysis of genetic alteration data

The overexpression of the SMYD2 gene in tumor tissues was induced by a genetic mutation, copy
number alterations, and epigenetic control. Here, using the TCGA tumor sample via the
cBioPortal database, the genetic alteration analysis of SMYD2 in several cancers was performed.
The SMYD2 gene mutations were searched in 4617 samples from 11 different cancer studies,
including breast, colon, bladder, esophageal, kidney, head and neck, cervical, liver, lymphoid,
pancreatic, and ovarian. In SMYD2 0-433 AA sequences, 24 mutations were detected, with
which missense mutation (15 mutations) being the most common form of genetic alteration
(Figure 3.8A). The mutational analysis from TCGA data suggested that the highest alteration
frequency of SMYD2 (>10%) seems in lymphoid cancer patients. The amplification type of copy
number alteration (CNA) was the key type in the lymphoid, breast, and liver cancer cases (Figure
3.8B). CNA works as raw materials for the expansion of gene family and affect the level of gene
transcription and translation and associated with cancer [42]. The deletion type of mutation was
detected in several cancer patients. Additionally, as seen in the TCGA dataset, amplification and
gain were more common (Figure 3.8C). Moreover, the potential link between genetic variants of
SMYD2 and survival prognosis across all TCGA cancer was also investigated. The survival
analysis in comparison to SMYD2 with and without alteration was analyzed in overall, disease-
specific, disease-free, and progression-free survival (Figure 3.8D). The maximum survival

difference was observed in disease-free survival analysis.
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Figure 3.8: Genetic alteration and mutation of SMYD2. (A) The lollipop diagram depicts the
alteration types within the SMYD2 protein sequence (1-433 AA) (B) The bar plot depicts
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alteration frequencies and genome alteration in the SMYD2 gene (C) a correlation between the
CNAs of SMYD?2 in the TCGA dataset (D) a potential association between mutation status and

various conditions of survival analysis.
3.3.5 Analysis of immune-infiltration data

In the tumor microenvironment, tumor-infiltrating immune cells are the key constituent and they
play a crucial role in cancer progression, invasion, and metastasis [43], [44]. Cancer-related
fibroblasts related to cancer present in the stroma of the tumor microenvironment have been
discovered to play a role in the functional regulation of immune cells infiltrating malignancies
[45]-[47]. Here, we used various algorithms such as CIBERSORT, TIMER, XCELL,
MCPCOUNTER, CIBERSORT-ABS, EPIC, and QUANTISEQ to examine the correlation

between immune cells infiltration and SMYD2 expression in multiple types of cancers.

Analysis revealed that a statistically significant positive correlation (p<0.05 and Rho>0) was
detected for BLCA (Rho= 0.208, p= 5.37E-05), BRCA (Rho= 0.115, p= 0.0002), DLBC (Rho=
0.340, p= 0.031), KIRC (Rho= 0.262, p= 1.12E-08), and LIHC (Rho= 0.129, p= 0.016) with
CD8+ T-cell. The statistically significant negative correlation (p<0.05 and Rho<0) was observed
between the immune cell infiltration of CD8+ T-cell and expression of SMYD2 in BRCA-Basal
(Rho= -0.160, p= 0.034), CESC (Rho= -0.137, p= 0.023), COAD (Rho= -0.171, p= 0.004),
ESCA (Rho= -0.287, p= 9.50E-05), HNSC (Rho= -0.220, p= 7.69E-07), and PAAD (Rho= -
0.195, p= 0.010) cancers of TCGA based on most or at least one algorithm. Furthermore, for
BLCA (Rho= 0.208, p= 5.37E-05), BRCA-LumA (Rho= 0.208, p= 5.37E-05), BRCA-LumB
(Rho= 0.237, p= 0.0009), CESC (Rho= 0.217, p= 0.0002), ESCA (Rho= 0.449, p= 2.67E-10),
HNSC (Rho= 0.162, p= 0.0002), HNSC-HPV- (Rho= 0.240, p= 1.08E-06), and LIHC (Rho=
0.129, p= 0.016) a positive significant correlation was found between the value of fibroblast of
cancer-associated infiltration and SMYD2 expression. The scatter plot for these tumors was
created by using one algorithm are shown in Figure 3.9. The negative association was detected
for DLBC (Rho= -0.336, p= 0.031), KIRC (Rho= -0.135, p= 0.004), and PAAD (Rho= -0.200, p=
0.008) of TCGA tumors with cancer-associated cells based on most or at least one algorithms.
The significant correlation of cancers with CD8+ T-cell and cancer-associated fibroblast cells

both positively and negatively are tabulated in Annexure Table 3.1.
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Figure 3.9: Correlation analysis between the immune infiltrations of fibroblasts associated with

cancer and expression of SMYD2 across multiple cancer types of TCGA data.
3.3.6 SMYD2-associated genes enrichment analysis

Further, we discover the SMYD2-associated proteins and co-expressed genes with SMYD?2 for the
analysis of pathways enrichment to learn more about the mechanism of SMYD2 in cancer. A
total of 50 SMYD2-associated proteins were found using the STRING database based on
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experimental evidence. The protein-protein interaction network visualized in Cytoscape is shown
in Figure 3.10.
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Figure 3.10: Protein-protein interaction network of experimentally determined partners of
SMYD2 proteins through STRING database.

Furthermore, the GEPIA2 server was utilized to identify the first 100 correlated genes with
SMYD2 by combining all TCGA tumor expression data. The highest correlation was found in
Glyceronephosphate O-acyltransferase (GNPAT) (r= 0.42), Insulin-induced gene 2 (INSIG2) (r=
0.41), and Egl-9 family hypoxia-inducible factor 1 (EGLN1) (r= 0.40). Finally, we used the list of
associated genes with SMYD2 in various cancers to do an ontology analysis to identify the

putative signaling pathways.

The top 10 pathways from REACTOME and their interrelated genes were associated with the
activation of Arylsulfatases, RAB Geranylgeranylation, Metabolism of proteins, Post-chaperonin

tubulin folding pathway, Metal ion SLC transporters, Cargo concentration in ER, Protein folding,
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Gamma Carboxylation & Hypusin formation, Post-translation protein modification and
Glycosphingolipid metabolism. All these pathways showed a significant correlation with SMYD2
(Figure 3.11A). These pathways were associated with carcinogenesis [48]-[53]. The top 10
KEGG pathways are mainly associated with a HIF-1 signaling pathway, glycolysis/
gluconeogenesis, central carbon metabolism in cancer, thiamine metabolism, selenocompund
metabolism, glycosaminoglycan degradation, one carbon pool by folate, histidine metabolism,
renin-angiotensin system, and beta-alanine metabolism (Figure 3.11B). A significant association
was observed in the HIF-1 signaling pathway. It is significantly associated with the progression
and metastasis of cancer [54]-[56]. Additionally, we also calculated the GO terms for genes
associated with SMYD2 to see what functions they have in biological processes, molecular
functions, and cellular components. The recommended GO features were mostly involved in
mitochondrial transport and oxaloacetate metabolic process in biological process (Figure 3.11C),
guanosine diphosphate in molecular function (Figure 3.11D), an integral component of the

mitochondrial membrane in the process of cellular component (Figure 3.11E).
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Figure 3.11: The bar charts shows top 10 SMYD2-associated enriched terms. The best 100
SMYD2-associated genes obtained from GEPIA2 in TCGA projects were used for ontology
analysis. The top 10 enriched terms displayed based on —log10 (p-value), with the actual p-value
shown next to each term that involved in the pathways and gene ontology (GO) functions. (A)
RECTOME pathways 2022 (B) KEGG pathways 2021 (C) Enrichment analysis of GO biological
process 2021 (D) Enrichment of GO molecular function 2021 (E) Enrichment of GO cellular
component 2021. The more significant term present on the top. Colored bars correspond to term
with significant p-values (<0.05). An asterisk (*) next to the p-value represented the term also has
a significant adjusted p-value (<0.05). All significant terms involved in pathways and GO

functions along with p-value and g-value (adjusted p-value) are shown in Annexure Table 3.2.
3.4 CONCLUSION

This data mining study used various bioinformatics web tools to elicit the SMYD2 expression,
prognostics value, DNA methylation, mutation, CNAs, and correlated genes of SMYD?2 in various
human cancers. This multi-omics study shows that SMYD2 is highly expressed in multiple
cancers. Additionally, our findings will contribute to an enhanced understanding of the role of
SMYD2 in the process of tumorigenesis and metastasis. It provides a potential mechanism that
suggested that the expression of SMYD2 might modulate tumors. However, these results were
based on data analysis, additional experimental verification will be needed to understand the
complete molecular analysis of SMYD2. In conclusion, SMYD2 would be a probable biomarker

and a significant drug target for the prevention of human cancers.
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ABSTRACT

Single-nucleotide polymorphisms (SNPs) associated with complex diseases can originate,
remove, or change protein-coding sites. SNPs in cancer-related genes alter gene expression in a
variety of ways. SMYD?2 is a protein methyltransferase from the family of SMYD. Methylation
inhibits the functional activity of some tumor suppressor proteins, which is important for tumor
development and metastasis, by upregulating SMYD2 expression. Furthermore, epigenetic
changes caused by genetic polymorphisms add to the elementary complication of cancer
susceptibility linked to SNPs. As a result, SNP is a crucial genetic marker for studying the
features of various malignancies. The functional impact of SMYD2-related SNPs is yet to be
studied. Here, we assessed the genetic variants in SMYD2 and investigated their structural and
functional consequences using a rigorous computational method. Out of the 264 nsSNPs, three
nsSNPs (H207D, C209W, and C209R) have the most deleterious impact. According to a
molecular dynamics simulation study, these mutations have a significant effect on the enzymatic
activity of SMYD2. This computational approach is expected to aid in the prioritization of SNPs,
clarifying the fundamental genetic pathways of cancer formation. The findings of this study are
intended to be used as a starting point to perform the precision-based analysis, and they may be

appropriate for the analysis of new genes.
4.1 INTRODUCTION

Cancer has exceeded heart disease as the world's top cause of mortality. Each year, cancer
develops as a big health problem in society and the world as a result of rising instances. On a
global scale, cancer is the topmost reason of disease and mortality. Cardiovascular illnesses, it is
the second greatest cause of mortality [1]. According to the most recent WHO press release, the
global estimate for new cancer diagnoses in 2020 is 19.3 million, with 10.0 million cancer deaths.
On a global scale, cancer kills around 1 in every 6 people [1]. Cancer has also surpassed heart
disease as India's biggest cause of death [2]. The International Agency for Cancer Research
(IACR) predicts that by 2040, the worldwide burden of cancer would have increased to 28.4
million new cases. As a result, cancer research, the identification of important biomarkers, and
the development of measures for active prevention and management are critical for initial cancer

findings and treatment. The progression of human cancers is accelerated by the accumulation of
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genetic and epigenetic alterations. Because of the link between these increases and cancer, they
can be used to diagnose malignancy. The SNPs for a certain gene is used to determine the
accumulation amount of epigenetic changes [3]. As a result, SNPs are thought to be potential
markers and are crucial for early cancer detection and therapy [4].

SMYD2 methylates the variety of nonhistone and histone proteins and is important for epigenetic
control [5]. It acts as an oncogene by methylating tumor suppressor proteins, repressing their
activities, and acting as a tumor suppressor [5]-[7]. SMYD2 is a protein having a length of 433
amino acid residues. The overall structure of SMYD?2 consists of five different types of domains
[8], [9]. SMYD2 has recently attracted a lot of attention due to its molecular mechanism and
association with various human cancers [5]. Higher SMYD2 expression has been discovered in
breast, bladder cervical, colorectal, esophageal, head and neck, pancreatic, lymphoma, and
ovarian cancers [10], [11]. SMYD2 overexpression has been linked to tumor growth and
metastasis in several studies [12], [13]. As a result of its substantial relationship with human

tumors, SMYD2 might be a probable target for therapeutics in cancer.

SNPs are considered useful genetic markers for determining the cause of complicated disorders
[14], [15]. SNPs found in the coding areas of physiologically essential genes have been shown to
change the function of protein products [16]. Non-synonymous SNPs (nsSNPs) are responsible to
perform the alteration of protein function, which can contribute to a variety of human disorders
[17]-[19]. nsSNPs in cancer-related genes have recently attracted a lot of attention [20]. There
have been several in-silico screening and molecular dynamics simulation (MDS) analyses present
for nsSNPs associated with cancer [16], [17], [21], [22]. Despite the fact that SMYD2 is an
important gene, no computational or experimental investigations have been published that
identify SMYD2's detrimental nsSNPs.

As a result, the current study focused on the SMYD2 gene's nsSNPs which have a significant
impact on a range of cancer characteristics. Given the huge number of SNPs accessible, it is
necessary to identify the human SMYD2 gene's high-risk SNPs. SIFT, PROVEAN, PolyPhen-2,
PhD-SNP, MutPred, iMutant, SNAP2, SNP&GO, Mutation Assessor, PON-P2, CUPSAT, and
other computational tools were used to prioritize the risk associated nsSNPs present in doSNP

database. MDS analysis, on the other hand, was used to determine the influence of mutations on
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the atomic level of protein structure. MDS was used to examine the structural properties of
mutant and native proteins. The three mutants such as H207R, C209R, and C209W have the most
deleterious effect on the SMYD?2 protein, according to the findings. These three mutations were
studied further to see if they could have a function in human cancer regulation.

4.2 METHODOLOGY

4.2.1 Data collection

A total of 13944 SNPs of the SMYD2 gene were present in dbSNP
(http://www.ncbi.nlm.nih.gov/snp/) [23]. 12821 (92%) of them were present in non-coding

regions, 388 (3%) were in coding regions, and 735 (5%) were present in other regions of the
gene. Among the 388 non-coding SNPs, non-synonymous SNPs account for 264 (2%) and
synonymous SNPs account for 124 (1%) (Figure 4.1). We considered 264 nsSNPs (access date:
December 25, 2019) for this study. The SMYD?2 protein sequence (UniProt ID: QINRG4) was
retrieved from UniProt (https://www.uniprot.org/) database [24], and structure for protein (PDB
ID: 3TG4, X-ray resolution: 2.00A) was downloaded from RCSB protein data bank
(http://www.rcsb.org/) [9]. Figure 4.2 depicts the methodology used in the current investigation.

SMYD2 SNPs (13944)

-codi - 2821 (929
Non-coding (Intron), 12821 (92%) ‘ ‘ Synonymous, 124 (1%)

| Others, 735 (5%) |

Coding, 388 (3%)

Figure 4.1: SMYD2 SNPs distribution as present in dbSNP.
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Figure 4.2: The overall strategy systematically used for the SNPs screening.
4.2.2 Analysis of deleterious nsSNPs

Several conventional tools and servers were utilized to analyze the functional influence of
nsSNPs on the protein. High-risk nsSSNPs were classified on the basis of predictions performed

by below described tools and servers.

e SIFT (http://sift.jcvi.org/) predicts the substitution of amino acids that are responsible for

change in the function of protein. The prediction is based on the sequence homology and
physicochemical properties of amino acids. SIFT predicts mutation as deleterious if score
is <0.05 while tolerable if score >0.05 [25].
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e PROVEAN (http://provean.jcvi.org/index.php) web-server was used to predict the effect

of amino acid variants. Prediction was performed by blast search by taking input query as
protein sequence and amino acid variants. Cut-off was set at -2.5, score below the cut-off
was predicted as deleterious nsSNPs [26].

e PolyPhen-2 (http://genetics.bwh.harvard.edu/pph2/) predict structural and function impact

on protein by using amino acid substitutions and protein sequence. Prediction was
performed based on the position-specific independent count (PSIC) score which ranges
from 0-1. In Output, prediction score of substitution >0.15 assigned as possibly damaging,
>0.85 assigned as probably damaging, and rest assigned as benign [27].

e PANTHER (http://pantherdb.org/tools/csnpScoreForm.jsp) was used to predict the effect

of variants on protein function. It utilizes evolutionary information of related protein and
calculates Substitution Position Specific evolutionary conservation (SUbPSEC) score.
Using protein sequence, amino acid variants, and human organism as an input query
PANTHER classified the variants [28]. The cutoff score sUbPSEC < -3 indicates that
variants are highly associated with disease.

e SNP&GO (http://snps.biofold.org/snps-and-go/) is a web server based on Support Vector

Machine (SVM). It was used to predict deleterious nsSSNPs using functional annotation of
protein. The server uses sequence or 3D structure of protein and also uses Gene Ontology
terms. The variants having probability score >0.5 were predicted as disease-associated
[29].

e PhD-SNP (http://snps.biofold.org/phd-snp/phd-snp.html) is a machine-learning based

method used to predict whether nsSNP is related to disease or not. It distinguishes
variants into disease and neutral on the basis of reliability index (cutoff 0.05) [30].

e MUTPred2 (http://mutpred.mutdb.org/) is a machine learning-based method to predict the

pathogenicity of amino acid substitutions. A cutoff value 0.5 was used for pathogenicity
prediction [31].

e P-Mut (http://mmb.irbbarcelona.org/PMut/) uses neural network algorithm and allows fast

and accurate prediction of pathological character of single amino acid mutation. Using

protein sequence as input query P-Mut predict neutral or disease-related variants [32]. A
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prediction score more than 0.5 indicates nsSNPs having a pathological impact on protein

function

e PON-P2 (http://structure.bomc.lu.se/PON-P2/) was used to predict the pathogenicity of

amino acid substitutions using machine-learning based method. PON-P2 prediction was
used through properties of amino acids, evolutionary conserved sequence, functional
annotation, and GO annotations. It classifies nsSSNPs in three groups based on cutoff as:
pathogenic (>0.8), unknown (0.3 to 0.8) and natural (below 0.3) [33].

4.2.3 Analysis of protein stability change caused by mutation

To check the stability of protein caused by single amino acid substitution, following tools
were used.

e |-mutant 3.0 (http://gpcr2.biocomp.unibo.it/cqi/predictors/I-Mutant3.0/1-Mutant3.0.cqi)

predict the change in protein stability caused by single amino acid substitution of structure
or sequence of protein. It calculates Gibbs-free energy change (DDG) of native and
mutant protein. DDG value can denote that either variants are stabilizing or destabilizing
the protein [34]. I-Mutant 3.0 furthermore classifies mutations into three categories:
neutral mutation (—0.5 < DDG< 0.5), large decrease (< —0.5), and large increase (>0.5).

e MuPro (http://mupro.proteomics.ics.uci.edu/) is SVM and Neural network based web

server that predict the effect of single amino acid substitution on protein stability. The
stability score ranges from -1 to 1 [35]. A score less than 0 means the mutation decreases
the protein stability a score more than 0 means the mutation increases the protein stability.

e Dyamute (http://biosig.unimelb.edu.au/dynamut/) is a web server used for protein

dynamics analysis by sampling conformation. It also helps to predict the impact of
mutation on dynamics and protein stability. To generate a consensus prediction of
mutation’s impact, it incorporates graph-based signature with normal mode dynamics
[36]. It defined AAG > 0 as stabilizing and AAG < 0 as destabilizing.

e SDM (http://marid.bioc.cam.ac.uk/sdm2) used knowledge-based approach for the

prediction of protein stability caused by mutations. This server calculates stability

difference score of wild type and mutant protein by using protein structure and amino acid
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substitution as a query [37]. It considers stabilizing (DDG > 0.0) and destabilising (DDG
<0.0).
e CUPSAT (http://cupsat.tu-bs.de/) server used to predicts the protein stability changes

upon single amino acid mutation. The prediction method uses amino acid-atom potential
and torsion angle distribution to assess the amino acid environment of the mutation site
[38]. The negative and positive predicted AAG value indicates the destabilizing and
stabilizing effect.

e Mutation Assessor (http://mutationassessor.org/r3/) predicts the effect of variants by

entropy differences of aligned conserved sequence positions. The conservation of each
residue was calculated based on information of sequence homology of protein families
and its subfamilies. Predicted variants were classified into high (>3.5), medium (1.9 to <
3.5), low (0.8 to <1.9), and neutral (<0.8). For this analysis, high or medium cutoff level

was set for deleterious variants [39].
4.2.4 Analysis of SNPs present in conserved regions and phylogeny of SMYD2

ConSurf (http://consurf.tau.ac.il/) [40] was utilized to predict the position of amino acids present

in the evolutionarily conserved region. The Bayesian technique was used to define the
conservation score by taking the input query as a protein sequence or structure. The conservation
score ranges from 1 to 9, with the residues having a score of 1 signifying the highly mutated and
a score of 9 indicating that the residues are well conserved. Structure and functional amino acids
were also predicted by ConSurf [41], [42].

The SMYD2 protein for humans (UniProt ID: SMYD2 HUMAN) with the protein sequence of
seven diverse species, including Rattus norvegius (SMYD2 RAT), Mus musculus (SMYD2
MOUSE), Danio rerio (SMYD2 DANRE), Sus scrofa (SMYD2 PIG), Bos taurus (SMYD2
BOVIN), Xenopus laevis (SMYD2_XENLA) and Gallus gallus (SMYD2_CHICK). The
neighbor-joining method was used to produce multiple sequence alignment (MSA) using the
MEGAL11 tool [43], and the phylogenetic tree was constructed using the bootstrap value 1000.

4.2.5 Mutant protein modeling and analysis of the structural effect
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The protein structure for SMYD2 (PDB ID: 3TG4) was utilized to estimate the structural impact
of nsSNPs. PyMol software was used to insert the mutations of H207D, C209W, and C209R in
the SMYD2 structure [44]. Using the HOPE (https://www3.cmbi.umcn.nl/hope/) service, the
structural ramifications of chosen nsSNPs were investigated [45].

4.2.6 Molecular Dynamics simulation

As evidenced by other similar research [46]-[48] MDS analysis is a potent method for revealing
the effects of mutations on the protein. As a result, we used MDS study to examine the effect of
mutations on the structure of SMYD2 protein. GROMACS 2018.1 [49], [50], software was used
to perform the MDS study. MDS analysis was performed for the mutants and native proteins by
considering the water molecule as TIP3P and cubic shape box, which were neutralized by the
addition of 7 Na + ions. MDS analysis for 100 ns at 300K using the Amber99sh-ildn force field
was performed and at every 10 ps time, interwell trajectory was recorded. By using the various
GROMACS utilities we determined the root mean square fluctuation (RMSF), root means square
deviation (RMSD), a number of hydrogen bonds, solvent accessible surface area (SASA), and
radius of gyration (Rg). The associated motions generated by the mutations were also predicted
using principal component analysis (PCA). It was also executed to see the difference in the

associated motions caused by the mutations.

4.3 RESULTS AND DISCUSSION

4.3.1 Prediction of high-risk nsSSNPs

In this study, we focused only on the nsSPNs, and perform the structural and functional effect on
the cancer-causing SMYD?2 protein. To find relevant nsSSNPs for SMYD?2, a total of 264 nsSNP
datasets were examined. The influence of all nsSSNPs was investigated on the protein structure
and function of the SMYD2 protein. Initially, we subjected 264 nsSNPs in SIFT, PROVEAN,
PhD-SNP, PANTHER, and SNP&GO tools to screen out deleterious nsSNPs. These initial tools
produced 21 nsSNPs, therefore we used these 21 nsSNPs for further analysis. SIFT projected that
eight nsSNPs would be most damaging that have a prediction score of 0.00, and the 13 nsSNPs
considered as damaging have scores ranging from 0.001 to 0.5. The prediction score for
PROVEAN ranged from -2.56 to -11.32 (Table 4.1).
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Table 4.1: Prediction of deleterious nsSNPs through PROVEAN, SIFT, PhD-SNP, SNP&GO, PANTHER, PolyPhen2, Pmut,
MutPred, and PON-P2 tools. The nsSNPs commonly predicted deleterious by all tools are represented in bold text.

AMINO | ppoVEAN SIFT PRD- | SNP& | PANT PolyPhen2 Pmut MutPred PON-P2

nsSNPs (rs id) acid - __| SNP | GO | -HER . -

sut_)stlt Score Pr'ed| Score Pr.edlc Prediction Score | Prediction | Score Pr?d" Score | Prediction | Score Pr.Ed'

ution ction tion ction ction
rs201567034 R48G -2.56 Del 0.025 Dam Dis Dis Dis 0.97 Probably D 0.32 Neutral 0.56 Pathogenic | 0.396 UN
rs746777864 C68W -9.06 Del 0 Dam Dis Dis Dis 1 Probably D 0.88 Disease 0.96 Pathogenic | 0.576 UN
rs148351602 P102L -6.93 Del 0 Dam Dis Dis Dis 0.97 | ProbablyD | 0.64 | Disease | 0.59 | Pathogenic | 0.82 PG
rs770105953 R111S -4.84 Del 0.05 Dam Dis Dis Dis 1 Probably D | 0.72 Disease | 0.79 Pathogenic | 0.86 PG
rs757673085 | G195R | -7.58 Del 0 Dam Dis Dis Dis 1 Probably D 0.82 Disease | 0.86 Pathogenic | 0.746 UN
rs750954495 | H207D -8.5 Del 0 Dam Dis Dis Dis 1 Probably D | 0.89 Disease | 0.94 | Pathogenic | 0.883 PG
rs199700774 | C209W | -10.38 Del 0.001 Dam Dis Dis Dis 1 Probably D 0.9 Disease | 0.94 | Pathogenic | 0.865 PG
rs780140828 | C209R | -11.32 Del 0.001 Dam Dis Dis Dis 1 Probably D 0.9 Disease | 0.95 Pathogenic | 0.94 PG
rs1268352357 | P211T -7.56 Del 0 Dam Dis Dis Dis 099 | ProbablyD | 0.84 | Disease | 0.78 | Pathogenic | 0.819 PG
rs755437613 N212T -4.78 Del 0.002 Dam Dis Dis Dis 0.88 Possible D 0.73 Disease 0.77 Pathogenic | 0.506 UN
rs1489727899 | Y217C | -5.32 Del 0.001 Dam Dis Dis Dis 1 Probably D | 0.56 Disease | 0.83 Pathogenic | 0.847 PG
rs764794193 E235G -6.58 Del 0.002 Dam Dis Dis Dis 0.16 Benign 0.82 Disease 0.78 Pathogenic | 0.649 UN
rs1425329978 | E235K -3.73 Del 0.002 Dam Dis Dis Dis 0.88 Possible D 0.49 Neutral 0.74 Pathogenic 0.86 PG
rs1355012130 | Y245C -3.23 Del 0.024 Dam Dis Dis Dis 1 Probably D 0.58 Disease 0.5 Unknown 0.948 PG
rs1453879180 | R250T | -5.65 Del 0 Dam Dis Dis Dis 1 Probably D | 0.84 Disease | 0.93 Pathogenic | 0.828 PG
rs1338877658 | Y258N -8.23 Del 0.002 Dam Dis Dis Dis 1 Probably D | 0.87 Disease | 0.85 Pathogenic | 0.944 PG
rs768344398 | C262W | -10.37 Del 0.001 Dam Dis Dis Dis 1 Probably D | 0.88 Disease | 0.95 Pathogenic | 0.879 PG
rs138767186 C267R | -11.12 Del 0 Dam Dis Dis Dis 1 Possible D 0.88 Disease 0.91 Pathogenic 0.95 PG
rs1468913646 | R299C -3.3 Del 0.04 Dam Dis Dis Dis 0.26 Benign 0.4 Neutral 0.37 Unknown 0.72 UN
rs887231491 | R306W | -3.83 Del 0.001 Dam Dis Dis Dis 0.39 Benign 0.4 Neutral 0.62 Pathogenic | 0.807 PG
rs535733694 A359S -2.7 Del 0 Dam Dis Dis Dis 0.99 Probably D 0.63 Disease 0.53 Pathogenic | 0.507 UN

Del: Deleterious; Dam: Damaging; Dis: Disease; D: Damaging; UN: Unknown, PG: Pathogenic
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Table 4.2: Prediction of change in protein stability caused due to the substitution of amino acid using iMutant, Mupro, Dyamute,

Mutation Assessor, SDM, and CUPSAT programs. The nsSNPs that predicted with reduced stability with all tools are presented in

bold text.
Am_igo iMutant MuPro Dyamute Mutation assessor SDM CUPSAT
aci
substitu | AAG | Stability AAG Prediction Prediction Fl Prediction | Score | Prediction | AAG | Torsion Ove.r"f‘”
tion Score Stability
R48G -1.49 | Decrease | -2.067 Decrease Destabilizing | 1.605 Low -2.11 RS -3.44 UF Destabilizing
ce8w -0.1 | Decrease | -1.311 Decrease Stabilizing 451 High -1.41 RS -14.48 UF Destabilizing
P102L | -0.56 | Decrease | -0.0302 | Decrease Stabilizing 2.425 Medium 0.69 IS 1.39 UF Stabilizing
R111S | -1.13 | Decrease | -1.597 Decrease Destabilizing | 3.13 Medium -3.45 RS 4.93 F Stabilizing
G195R | -0.53 | Decrease | -0.643 Decrease | Destabilizing | 3.425 Medium -2.25 RS -5.62 UF Destabilizing
H207D | -0.31 | Decrease | -0.851 Decrease | Destabilizing | 3.51 High -1.62 RS -2.75 UF Destabilizing
C209W | -0.31 | Decrease | -0.772 Decrease | Destabilizing | 3.555 High -1.37 RS -12.98 UF Destabilizing
C209R | -0.47 | Decrease | -1.012 Decrease | Destabilizing | 3.555 High -1.54 RS -8.01 UF Destabilizing
P211T | -1.46 | Decrease | -1.341 Decrease Destabilizing | 3.495 Medium -0.84 RS -4.41 UF Destabilizing
N212T | -0.01 | Increase -0.581 Decrease Stabilizing 2.7 Medium -0.29 RS -3.03 F Destabilizing
Y217C | -1.19 | Decrease | -1.117 Decrease Destabilizing | 1.995 Medium -1.42 RS -6.61 F Destabilizing
E235G | -1.22 | Decrease | -1.443 Decrease Destabilizing | 3.465 Medium -0.9 RS -2.48 UF Destabilizing
E235K | -0.68 | Decrease | -0.96 Decrease | Destabilizing | 3.465 Medium -0.93 RS -2.74 UF Destabilizing
Y245C | -1.49 | Decrease | -1.156 Decrease Destabilizing | 2.565 Medium -0.15 RS 1.56 F Stabilizing
R250T | -1.21 | Decrease | -0.741 Decrease Destabilizing | 2.62 Medium -3.49 RS -1.53 UF Destabilizing
Y258N | -1.45 | Decrease | -1.840 Decrease | De-stabilizing | 2.62 Medium -1.17 RS -3.65 F Destabilizing
C262W | -0.06 | Increase | -0.565 Decrease Stabilizing 2.65 Medium -1.59 RS 0.29 F Stabilizing
C267R | -0.02 | Increase | -1.139 Decrease Stabilizing 2.65 Medium -0.93 RS -0.13 F Destabilizing
R299C | -1.06 | Decrease | -1.408 Decrease | Destabilizing | 1.79 Low -0.76 RS -5.23 UF Destabilizing
R306W | -0.64 | Decrease | -0.767 Decrease Destabilizing | 2.045 Medium -0.21 RS 1.32 F Stabilizing
A359S | -0.61 | Decrease | -0.832 Decrease | Destabilizing | 2.62 Medium -2.11 RS -1.99 UF Destabilizing

AAG: Delta Delta G (DDG); RS: Reduced Stability; IS: Increased Stability UF: Unfavorable; F: Favorable
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A total of 21 initially screened nsSNPs were further analysed by using the Polyphen2, Pmut,
MutPred and PON-P2. A total of 15 nsSNPs were predicted as probably damaging out of 21
nsSNPs by Polyphen2. Out of 21 nsSNPs 17 nsSNPs predicted as disease associated by Pmut, 19
nsSNPs were predicted as pathogenic through MutPred and 14 nsSNP were predicted as
pathogenic. A total of 10 nsSNPs were predicted as highly disease associated by all tools (Table
4.1). Then these 21 nsSNP were further subject to predict the change in protein stability caused
by these mutations. To analyze the change in protein stability due to mutations, we utilized
iMutant3.0, MuPro, Dyamute, Mutation assessor, SDM and CUPSAT. We find decreased
stability in 18 nsSNPs predicted by iMutant and 21 nsSNPs predicted by the MuPro program that
may alter the stability of the protein. The Mutation assessor identified four nsSNPs to be highly
disease-associated. Dyamute, SDM, and CUPSAT find reduced stability for 16, 20, and 16
nsSNPs, respectively, out of a total of 21 nsSNPs (Table 4.2). Finally we identified the consensus
nsSNPs that are predicted as deleterious from Table 4.1 (represented as bold text) and consensus
nsSNPs that reduced the protein stability from Table 4.2 (represented as bold text). A total of 15
computational techniques were utilized in this study to filter out important SNPs in order to
achieve reliable results and eliminate the chance of false positives. Three nsSNPs such as H207D,
C209W, and C209R have the most damaging effect by aggregating the predictions of all tools.
Therefore, three nsSNPs that were most deleterious and reduced the protein stability were

selected as final nsSNPs for further analysis.

MutPred2 was used to estimate the molecular mechanism for these three nsSNPs. Metal-binding
was altered, catalytic sites were gained or lost, disulfide linkage was gained or lost, and N-linked
glycosylation was gained or lost. Table 4.4 shows the details of the molecular mechanisms that
were predicted. The HOPE server was used to undertake a further examination of extremely
disease-associated nsSNPs, and the sites of the altered amino acids present in the protein structure
are indicated in Figure 4.3. From here, the most deleterious three nsSNPs such as H207D,
C209W, and C209R were subject to MDS analysis.
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C209W C209R

Figure 4.3: Most deleterious nsSNPs predicted by using the server HOPE. In the structure, the

red color represented the mutant, and the green color represented the native amino acids.

Table 4.3: Highly disease-associated three nsSNPs and their molecular mechanisms predicted by
MutPred2 tool.

nsSNP | rsid MutPred2 | p-value | Molecular Mechanism
Score
H207D | rs750954495 | 0.94 7.8e-03 | Altered Metal binding

0.03 Loss of N-linked glycosylation at N206
2.2e-03 | Loss of Catalytic site at H207

0.03 Loss of Disulfide linkage at C209
C209W | rs199700774 | 0.945 8.8e-03 | Altered Metal binding

0.02 Loss of Disulfide linkage at C209
4.3e-03 | Loss of Catalytic site at H207

0.02 Gain of N-linked glycosylation at N206
C209R | rs780140828 | 0.95 8.6e-03 | Altered Metal binding

2.1e-03 | Loss of Catalytic site at H207

0.03 Gain of N-linked glycosylation at N206
0.02 Loss of Disulfide linkage at C209

4.3.2 Analysis of conservation and evolutionary of sequence

The conserved amino acid residues have an influence on the properties of protein structure and
function. Protein evolutionary information is required to identify variants with severe disease-
associated mutations. Validating certain mutants through the conservation score for any specific
amino acid with the help of the ConSurf service is another level of conformation. The results

revealed that certain mutations are conserved residues, as indicated by the orange rectangle box
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(Figure 4.4). The core set domain contains the most conserved residues (183-245). The selected

mutants have a conservation score of 8 and 9 on a scale of 10.
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Figure 4.4: Prediction of evolutionarily conserved residues of SMYD2 protein using ConSurf
server. The positions of deleterious nsSNPs are labeled in a black rectangle box.

This investigation is also validated by the MSA study. The MEGA7 program was used to do
MSA analysis on eight diverse species, including humans. Analysis results revealed that
conserved residues in all species are homologous, as indicated by the black rectangular box

(Figure 4.5A). The evolutionary relationship between the eight different species was also
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determined via phylogenetic analysis. It symbolized the strong relationship between people and

cattle and pigs (Figure 4.5B).
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Figure 4.5: (A) Multiple sequence alignment analysis and evolutionarily conserved behavior
within SMYD2 protein. Mutant H207 and C209 are found conserved in the core SET domain
shown in the black rectangle (B) Phylogenetic analysis of SMYD2 protein.

4.3.3 Analysis of molecular dynamics simulations
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MDS study helps to understand the structural conformations of the mutant and native protein in
physiological conditions. It's employed to study the kinetics of mutational effects and the protein-
ligand complex [51]. MDS analysis helps to study the kinetics of mutational effects and the
protein-ligand complex [51]. GROMACS was used to analyze MDS for 100 ns after producing
four systems (three mutant proteins for H207D, C209W, C209R, and one native protein). The
trajectories were analyzed using a variety of GROMACS programs. Among the all mutants,
C209R has a greater fluctuation as compared to native protein, after 60 ns RMSD analysis. All
trajectories were well equilibrated after 65 ns. Thus for normal and mutant proteins, the data for

the last 35 ns was acquired to perform several other analyses.
4.3.3.1 Stability analysis

The RMSD values are mostly used for protein structure comparison and stability prediction [52].
It is also used to estimate the conformational disturbance in the protein backbone. After 65 ns, all
trajectories had reached equilibration, as presented in Figure 4.6A. The average value for RMSD
was 0.252, 0.307, and 0.243 nm for mutant types H207D, C209W, and C209R, respectively while
for the mutant type was 0.227 nm. At 20 ns, all RMSD values were equal, however, at 60 ns,
mutant C209W showed a sharp rise. The RMSD values became constant after 65 ns and showed a
constant peak until the completion. The results represented those mutant proteins have less stable
as compared to the native protein. Any protein must have a specific structure to perform its
proper function. Therefore, on the basis of RMSD analysis, it can conclude that proteins get

destabilized due to the mutant therefore unable to perform their respective functions.
4.3.3.2 Flexibility analysis

The structural flexibility was analyzed for the mutant proteins along with native protein after
evaluating the RMSD analysis. Structural flexibility is necessary to preserve the protein
structures. The structural flexibility of mutant proteins was predicted using RMSF, as shown in
Figure 4.6B. Residual mobilities were illustrated with the help of RMSF analysis performed for
the last 35 ns equilibrated trajectory. The average value of calculated RMSF is 0.09 nm for native
protein, while it is 0.10, 0.10, and 0.11 nm for H207D, C209W, and C209R mutants,
respectively. It was discovered that mutant structures are less stable than original protein

structures. Two mutants such as H207D and C209W represented a similar pattern for RMSF. We
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found that all mutants were less stable than the normal protein based on the RMSF value. The

RMSF analysis is in respectable agreement with the finding of RMSD.
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Figure 4.6: Molecular dynamics simulation results. (A) The pattern for RMSD graphs for mutant
and native proteins. (B) The RMSF graph for mutant and native proteins over the last 35 ns
simulation. The colors used in panels show, black for native, red for H207D, green for C209W,
and blue for C209R.

4.3.3.3 Compactness analysis

To describe the molecule's distribution, Rg values are used during the MDS. Rg has been
identified as a protein structural compactness marker [53]. Variations in Rg for native and all
mutants are plotted against time in Figure 4.7A in this study. Rg is 2.30 nm for native and 2.28
nm for H207D, 2.26 nm for C209W, and 2.31 nm for C209R mutant. It means that two mutants
such as H207D and C209W have smaller Rg patterns than the native one. In comparison to
others, mutant H207D had the smallest Rg peak. Rg analysis represented that proteins with the
mutation of H207D and C209W have less compact than native proteins, which agrees well with
the result of RMSD.

4.3.3.4 Hydrogen bonding analysis
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To maintain protein stability, hydrogen bonds play a crucial role. The structure having more
hydrogen bonds represents a stable structure and with less hydrogen bond represents a less stable
structure. We used to calculate the intramolecular hydrogen bonds to estimate their effect on
mutation protein structure. Figure 4.7B shows the plot for the total number of hydrogen bond
counts that formed during the simulation in native and mutant proteins. The native has 338
hydrogen bonds, while the mutants have hydrogen bonds 327 for H207D, 336 for C209W, and
329 for C209R. The higher or lower number of hydrogen bonds that occurs due to the deleterious
nsSNPs can affect protein structure and function [54]. As a result, this study revealed a
substantial link between the RMSD, RMSF, and Rg results.
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4.3.3.5 Solvent accessible surface area analysis

To describe the accessible area for solvent, a SASA study was done for the protein of native and
mutants. The higher the SASA number, the more extended the protein is, and the lower the SASA
value, the more compact the protein is. The SASA value was considered for the trajectory of the
last 35 ns and Figure 4.8A shows the graph against time. The average value for SASA was
223.99 nm? for native while it was 223.36 nm? for H207D, 223.47 nm? for C209W, and 226.92
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nm? for C209R. As a result, the SASA value indicated that both the mutants H207D and C209W
had structural stability parallel to the native protein. Conformational protein stability was
diminished in the mutant C209R. In addition, the SASA value versus residue plot was determined

and shown in Figure 4.8B. It supports knowing the conformational changes caused by residues.
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4.3.3.6 Principal component analysis

To estimate the collective movements for the mutant and native structure of proteins, PCA was
performed. Eigenvectors, or principal components, are important in depicting the movements of a
protein. For native and mutant proteins, a covariance matrix was identified for an atomic
fluctuation to predict the eigenvalue. Figure 4.9A shows the plot for the eigenvalue vs. the first 50
eigenvectors of mutant and native protein structures. The first few eigenvectors, as shown in
Figure 4.9A, are contributed significantly to the movement of protein. The percentages of
correlated movements in native and mutant proteins were also computed. The principal
components account for 71.83% for native and 76.38% for H207D, 70% for C209W, and 79.60%
for C209R mutant, in the first 10 components. As compared to native protein, mutant H207D and
C209R indicated a lot of correlated movements. In comparison to all expected hits, mutant

C209R showed the highest correlation movements in the beginning, whereas mutant C209W
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showed the least. As a result of the mutation, correlation movements were disturbed, which
hampered the structure dynamics of both the native and mutant proteins. Figure 4.9B depicts the
residue-by-residue correlation motion expected by computing the eigRMSF value to get
variations in native and mutant proteins. The eigRMSF values were 0.03, 0.04, 0.03, and 0.05 nm
for native, H207D, C209W, and C209R respectively. These results suggest that protein
conformation gets changed due to the mutations. PCA examination also has a resilient connection
between the results of RMSD, RMSF, Rg, and SASA.
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Figure 4.9: Principal component analysis for first 50 eigenvectors. (A) The plot for eigenvector
vs. eigenvalue (B) The plot for EigRMSF values with residues for native and mutant protein
structures. The colors used in both panels show black for native, red for H207D, green for
C209W, and blue for C209R

Our computational research has aided in the identification and description of disease-related
SNPs at the level of molecules. It also offers a molecular podium that approves alterations in the
target protein's activity, stability, binding, and other features in mutants. Mutation, according to
our findings, causes structural alterations and, as a result, the loss of native protein functions.
Because of its overexpression in a variety of cancer forms, SMYD2 has deliberated a new

oncogenic protein [55]. As a result, studying SMYD2 SNPs will provide new understandings of
carcinogenesis.
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4.4 CONCLUSION

SNP investigation of potential cancer genes in sequencing laboratories is the most expensive and
time-consuming approach. The in-silico analysis offered here establishes a fast and economical
method for identifying disease-related and highly vulnerable SNPs. The current investigation
discovered the three most deleterious nsSNPs such as H207D, C209R, and C209W in the protein
of SMYD2. These mutations are likely to cause the native protein's structure to be disrupted. The
consequence of these mutations on the SMYD2 structure was investigated using MDS analysis.
RMSD, RMSF, and Rg graphs were used to examine the mutants' stability, flexibility, and
compactness. These findings show that mutants lose stability when compared to native protein,
and the number of hydrogen bonds study supports this conclusion. SASA and PCA analyses were
also carried out. In comparison to the native protein, there were additional differences in mutant
proteins. These aberrations can cause a break in protein structural conformation, which can lead
to a loss of complete protein stability. The findings of extremely related nsSNPs with
malignancies are still primary, and they need to be explained and tested further. Similar findings
from large-scale investigations in other populations suggest that the nsSNP is an undeniable
cancer risk factor. This computational method can assist in determining the order in which genes
should be validated. This method may also aid in the discovery of new SNPs that are important in
the development of cancer. These findings are expected to aid experimental scientists around the

world in their work on limited data for cancer management.
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ABSTRACT

SMYD?2 is a member of the SMYD family of PKMTs that can control the regulation of gene
transcription by the methylation of lysine residues in substrate proteins. It plays an important role
in the progression of various cancers. Inhibition of SMYD?2 could be a significant target for the
development of anti-cancer therapeutics in which it plays a role. The current work used structure-
based virtual screening to find possible SMYD?2 inhibitors. A consensus docking technique was
used to screen a large set (n=98071) of small natural chemical compounds from the ZINC
database, that yielded 391 powerful molecules. These 391 substances were also assessed using a
variety of ADMET criteria. Nine compounds were chosen to pursue the re-docking that fit on
drug-likeness standards. We identified three compounds (ZINC03844862, ZINC08490711, and
ZINC08764231) as probable inhibitors on the basis of docking score and interaction analysis
between protein and ligands. Finally, the structural stability of these three compounds with
SMYD?2 protein was investigated using a 100 ns MDS study. Furthermore, various analyses
related to MDS revealed that selected compounds with the SMYD2 structure had a stable
binding. The computational methods used in this investigation resulted in a series of novel
potential SMYD2 inhibitors. Following in vivo and in vitro research, these inhibitors could be

viable leads for developing cancer treatments.
5.1 INTRODUCTION

PKMTs are a type of PMT that aid in the relocation of a methyl group from a substrate protein to
another protein. PKMTs are associated with varieties of biological processes by the methylating
of lysine residues in both the non-histone and histone proteins [1]. Various studies have
suggested that PKMTSs are associated with cancer progression, therefore, nowadays it become an
eye-catching target for the development of cancer drugs [2]. PKMT has a SET and MYND
domain-containing family SMYD. The SET domain is in charge of transferring methyl groups to
target protein lysine residues, while the MYND domain is convoluted in protein-protein
interactions [2]. SMYD2 protein from the SMYD family is one of the most studied proteins and
is involved in tumor formation via its methylation activity. SMYD2 methylation activity has been

revealed to play an important role in non-histone protein methylation in several investigations [3],
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[4]. It was found that most of the SMYD2-specific non-histone substrates are associated with

cancer cell proliferation and cell apoptosis [5].

A number of oncogenic proteins such as P*® [6], PTEN [7], RB [7,8], HSP90 [10], ERa [11],
PARP1 [12], and STAT3 [13] have been methylated by SMYD2. The overexpression of SMY D2
has been found in many human malignancies, including cervical, colorectal, esophageal, breast,
bladder, head and neck, ovarian, pancreatic, and lymphoma cancer [6], [8], [14], [15]. As a result,
the substrates of SMYD2 have carcinogenic nature and are involved in cancer progression
advocated for the association of SMYD2 in human cancers. Therefore, SMYD2 has a growing
interest in designing SMY D2-specific inhibitors.

Structure-based virtual screening (SBVS) is a promising drug discovery technique based on
consensus docking [16]-[18]. Natural compounds were selected as a ligands, because it has the
most promising source to develop anticancer drugs [19]. To measure the ligand-binding affinity
and orientation, molecular docking employs a scoring function [20]-[22]. As a result, in virtual
screening, using more than one approach to reach a consensus improved accuracy in the pose
prediction of ligand [16]. To reduce the cost of the drug design process, virtual screening
approaches are significantly used [23]. This method has been used to successfully identify novel
inhibitors for several epigenetic targets such as SET7, KDM4B, PRMT5, and SIRT2 [24]-[27].
The effectiveness of the SBVS approach in the studied epigenetic targets encouraged us toward
the prediction of novel SMYD?2 inhibitors.

Here, a total of 391 potential compounds were selected in this investigation using the SBVS
technique. The selected set of compounds is further used for the prediction of ADMET
(Absorption, Distribution, Metabolism, Excretion, and Toxicity) profiles. Based on ADMET
properties, nine compounds were considered those fit on all ADMET criteria, and further docking
was done to re-check the binding pose. Finally, the top three compounds based on binding energy

were used for MDS analysis to evaluate the stability of receptor-ligand interaction.
5.2 METHODOLOGY

5.2.1 Ligand and protein preparation
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The x-ray crystallized structure of SMYD2 that has been present in the complex with LLY-507
inhibitor (PDB ID: 4WUY, 1.6A) [5] was taken from the protein data bank. UCSF Chimera 1.14
software was used to create the protein structure [28] and for energy minimization with an Amber
ff99SB force field [29]. The virtual screening was then performed using the minimized structure.
The ZINC database [30] was used to retrieve the natural compound subset (n=98071). Figure 5.1

depicts the overall technique of the current investigation.

Virtual screening

(Autodock vina, | * N=98071
Smina, iDock)

MDS Analysis

Filter compounds
using binding  + N=391

energy
ADMET analysis
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Figure 5.1: Complete methodology used to perform this study.
5.2.2 Virtual screening

A large subset (98071 compounds) of natural compounds, present in the ZINC database were
employed to find out the best hits by using SBVS studies. As compared to high-throughput
screening (HTS), it is a more efficient and cost-effective method. To perform a consensus
analysis in SBVS studies, three docking programs such as Smina [31], AutoDock vina [32], and
iDock [33] were used with default parameters. AutoDock vina was developed first and it provides
background for Smina and iDock. To search for a docking pose, Vina used both Monte Carlo step
and gradient calculation on the basis of scoring function used for the searching and ranking.
Smina used similar searching algorithm but used a different set of scoring functions for the

generation of ligand docking process and the ranking process. iDoock also used scoring function
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as Vina but utilized few steps of Monte Carlo instead of parallel search in its search process.
Molecular docking is used in SBVS to compute the correct binding pose of the target protein,
where ligand molecules fit for accurate binding. In the drug discovery process, the interpretation
of binding behavior is critical. Using the above-mentioned three methods, experimentally proved
SMYD?2 binding site (target site where crystallographic ligand LLY-507 is bound) was
considered for the docking of all compounds (98071 compounds). Then, we sorted the highly
active compounds with binding energies of >= -11.7 Kcal.mol™ from all three methods we
selected. The cutoff value was chosen based on the findings of virtual screening. Out of 98071
compounds, finally, we sorted to 391 compounds. Then, these 391 compounds were used for the
ADMET prediction.

5.2.3 ADMET prediction

The ADMET studies are very crucial for candidate drugs and play a key role in lead compound
optimization. The admetSAR server [34] was used to predict the ADMET profiles for 391
compounds that were chosen. In admetSAR, approximately 210 000 ADMET annotated data
points have been meticulously selected from a wide range of various literatures for more than 96
000 unique chemicals with 45 types of ADMET-associated characteristics, proteins, species, or
animals. Machine-learning algorithms such as SVM, RF, and KNN were used for the model
building. VVarious ADMET properties were predicted using the admetSAR server, such as blood-
brain barrier (BBB), human intestinal absorption (HIA), biodegradability, caco-2 permeability,
plasma protein binding, P-gp substrate/inhibitor, cytochrome-P450 (CYP450) substrate/inhibitor,
carcinogenicity, rat acute toxicity, and AMES toxicity. Many compounds failed to pass one, two,
or even all of the parameters. Nine compounds were filtered out of 391 that met all of the criteria
for being drug-like. Furthermore, pkCSM [35] was used to predict toxicity parameters for the
selected compounds. It uses distance-based graph signatures approach to predict a range of
ADMET properties for compounds. The CarcinoPred-EL (Carcinogenicity Prediction using
Ensemble Learning method) [36] server was used to predict carcinogenicity of the compounds.
This server utilized, three ensemble classification models such as, ensemble SVM, ensemble RF
and ensemble XGBoost to develop models for the prediction of carcinogenicity of compounds

using 1003 compounds with rat carcinogenicity. In CarcinoPred-EL, the XGBoost model was
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chosen due to better accuracy performance. Further, the selected nine drug-likeness compounds

were subject to re-docking to assess previous docking results.
5.2.4 Re-docking of drug-like compounds

The molecular docking study was used to investigate the binding pose of selected compounds on
the binding site of the protein structure [37]-[39]. The re-docking was done by AutoDock tool to
compare the results of Autodock Vina, Smina, and iDock. For this docking analysis, we used the
binding pocket of SMYD?2 that was used to perform the virtual screening. The AutoDock tool is
extensively employed for calculating 1C50 values and ligand-receptor binding affinity. A semi-
empirical free energy force field with Lamarckian Genetic algorithm was used to determine the
conformation of the ligand-binding site. AutoDock uses a grid-based method to allow rapid
evaluation of the binding energy of trial conformations. AutoDock tool was also used to create
the SMYD2 protein structure and ligands. Atomic charges and polar hydrogen atoms were added
to the structure of SMYD2 before it was converted to the PDBQT file format. The ligand
optimization was done with AutoDock and non-polar hydrogens and Gasteiger charges option
were merged. AutoDock needs to define a 3D grid box around the active site to confirm that
ligand exact binds with the active site of SMYD2. The center grid values were adjusted to a
definite coordinate (X=-19.250°, Y= -29.136°, and Z=26.141°) with a spacing of 0.500A. The
number of grid boxes was set as X=62°, Y=46°, and Z=52°. To produce an optimal binding pose
for each ligand, the Lamarckian genetic algorithm was used. A total of 100 binding
conformations were produced for each ligand. The default values were used for the remaining
docking parameters. For the depiction of residue interactions, Discovery Studio Visualizer was

used. The top docked complexes having the best binding energy were subjected to an MDS study.
5.2.5 Molecular Dynamics simulation

The best-docked complexes along with control and apo-SMY D2 structures were simulated using
GROMACS 2018.1 [40], [41] software on a Fedora PC. The protein-ligand complexes were
solvated with the SPC water model [42] and placed in a cubic shape box. To generate the ligand
topology file, an automated PRODRG server [43] was used. The topology file was built by using
the GROMOS45A7 force field [44]. To neutralize the systems, counter-ions were added. Systems
were equilibrated after energy minimization. After that, under the condition of NVT and NPT,
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simulation was performed for 1 ns with constant pressure and volume at a temperature of 300K.
At a 10 ps interval, the trajectory was recorded. By using the various utilities of GROMACS we
calculated the RMSD, RMSF, Rg, number of hydrogen bonds, and SASA. PCA was also
performed to calculate the correlation motions during the simulation within a protein during

MDS. To generate and visualize all plots, Origin 2016 was used.
5.2 RESULTS AND DISCUSSION

5.3.1 Virtual Screening analysis

The ZINC database was used to obtain a batch of natural chemicals (h=98071) and test them for
SMYD2. The crystallographic ligand LLY-507 was utilized as a control molecule in this analysis
since it is available with the co-crystal structure of SMYD2. All ligands were docked with
SMYD?2 using Autodock Vina, Smina, and iDcok for virtual screening. The best binding energy
of SMYD2 protein was used to rank all docked molecules. Binding energy ranged from -14.29 to
-3.73 Kcal.mol™ for iDock, -14.6 to -4.1 Kcal.mol™ for Smina, and -14.5 to -4.0 Kcal.mol™ for
Autodock Vina. On the basis of binding energy cut-off (cut-off value was -11.7 Kcal.mol™), we
selected the consensus compounds from three used docking tools for the ADMET study. Finally,
we got 391 compounds (docking score range from -11.7 to -14.6 Kcal.mol™) for the prediction of
the ADMET profile.

5.3.2 Analysis of ADMET properties

Analysis of the ADMET profile is very crucial for the new candidate drug. Without meeting the
ADMET criteria, no drug can be approved. As a result, we used the admetSAR server to estimate
ADMET parameters using all 391 chemicals picked from the virtual screening. In the human
gastrointestinal tract, the absorption of any substance was defined by the HIA. It's a crucial aspect
of oral drug administration. The HIA was able to absorb 388 compounds out of 391 analyzed
compounds. The drug molecule's absorption in the large intestine was determined using the Caco-
2 measure. Out of 391 compounds, 97 compounds have the ability to pass the test for Caco-2
permeability. The BBB is a vital pharmacological factor because it works as a physiological
barrier that prevents the compound to move into Sentral Nervous System (CNS) [45]. The

admetSAR server displays a (+) symbol with compounds that pass the BBA test and a (—) symbol
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with compounds that do not pass the BBB test. It was observed that 345 compounds fit on the
BBB test that does not cross the BBB. P-gp is involved in xenobiotic efflux in a big way. The P-
gp behavior was conformed for 327 compounds as substrates and 64 compounds as non-
substrates. The P-gp receptor is targeted by 166 non-inhibitor and 225 inhibitor molecules among

the 391 molecules.

In liver cells, CYP-450 plays a substantial role in the detoxification of heterologous drugs. As a
result, the behavior of drug metabolism was predicted through CYP-450 inhibition. A total of 135
of the 391 substances tested showed mild inhibition of the CYP450 enzyme, whereas the
remaining compounds showed stronger inhibition. The toxicity of the molecule is the most
important consideration in drug development. If a drug meets all of the criteria yet has a harmful
effect, it cannot be considered a candidate drug. Consequently, toxicity analysis was carried out
for 391 compounds. Results revealed that 349 compounds showed non-toxic characteristics. The
carcinogenicity of compounds was also analyzed and it was observed that only four compounds
have carcinogenic characteristics. The hERG gene produces a channel protein that aids in the
transmission of electric current across the cell membrane. The hERG gene inhibition was
analyzed for selected compounds and it was observed that 212 compounds are likely hERG
inhibitors and 179 compounds are likely hERG non-inhibitors. The in-silico approach was used to
determine the LD50 value using the rat model. The LD50 values range from 2.04 and 4.03

mol.kg™.

Table 5.1: The summary of ADMET profiles for selected nine compounds.

ZINCO5 | ZINCO03 | ZINCO6 | ZINCO08 | ZINC11 | ZINCO08 | ZINC68 | ZINCO08 | ZINC12
220992 844862 475191 764231 865353 490711 589462 918302 659865
P-gp NI NI NI NI NI NI | NI NI
inhibitor
BBB +/0.9867 | +/0.9827 | +/0.9523 | +/0.9191 | +/0.8745 | +/0.5279 | +/0.9869 | +/0.9808 | +/0.9198
probability
CYP-2C9 NS/NI NS/NI NS/I NS/ NI NS/NI NS/NI NS/ NI NS/NI NS/NI
substrate/
inhibitor
Caco-2 +/0.5258 | +/0.5851 | -/0.6193 | +/0.5148 | -/0.5130 | -/0.6383 | +/0.7017 | +/0.5443 | +/0.5706
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permeability

probability

CYP-2D6
substrate/

inhibitor

NS/NI

NS/NI

NS/NI

NS/ NI

NS/NI

NS/NI

NS/NI

NS/NI

NS/NI

P-gp
substrate

NS

NS

NS

NS

NS

NS

NS

NS

NS

HIA-
probability

+/0.9810

+/1.0000

+/0.9937

+/0.9315

+/0.9732

+/0.6641
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+/0.9768

+/0.9772

Caco-2

permeability

0.9743

1.5817

0.7400

0.6742

0.8284

0.2599

1.6066

0.8796

1.1875

CYP-1A2

inhibitor

NI

NI

NI

NI

NI

NI

NI

CYP-3A4
substrate/
inhibitor

NS/ NI

NS/NI

S/NI

SINI

NS/NI

S/

S/

NS/NI

NS/NI

CYP
inhibitory

promiscuity

Low

Low

High

Low

Low

Low

Low

Low

Low

CYP-2C19

inhibitor

NI

NI

NI

NI

NI

NI

NI

NI

NI

hERG

inhibition

NI

NI

NI

NI

NI

NI

NI

NI

NI

AMES
Toxicity

NT

NT

NT

NT

NT

NT

NT

NT

NT

Acute Oral
Toxicity

"/
0.4718

ny/
0.5881

1"/
0.5860

1y
0.6082

1/
0.5843

"/
0.6299

"/
0.6806

1/
0.5026

1y
0.6125

Carcinogen

NC

NC

NC

NC

NC

NC

NC

NC

NC

Rat LDs
(mol.kg™)

2.1161

2.5965

3.0974

2.4333

2.5842

2.3221

2.2444

2.0506

2.6510

NS: Non-Substrate; NI: Non-Inhibitor; NT: Non-Toxic; NC: Non-carcinogens; I: Inhibitor; S: Substrate

The ADMET predictions indicated that out of 391 compounds, nine compounds have good

clearance (Table 5.1) that could be used as a drug candidate. These nine compounds were

anticipated to be HIA positive, indicating that they have the ability to absorb orally. The BBB is

an important factor in drug distribution. BBB approved all of the substances that were tested. The
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Caco-2 parameter demonstrated that the large intestine can absorb the majority of the chemicals.
Except for ZINC68589462, the rest of the compounds were characterized as non-inhibitors for P-
gp inhibitor and non-substrates for P-gp substrate. Eight compounds had a modest ability for
CYP enzyme inhibition, indicating that they can be efficiently removed from the body after
ensuring the therapeutic response. The AMES toxicity and carcinogenic analysis indicated that
selected compounds could not act as carcinogens not as toxic. The overall ADMET study
indicated that the selected nine compounds were found to have good parameters and are
appropriate for further investigation.

5.3.3 Toxicity analysis

The drug molecules should be efficiently eliminated from the body after ensuring the beneficial
response otherwise they cause a harmful effect. Therefore, toxicity prediction is essential for the
candidate drugs. So, we further determine the toxicity of the selected compounds for good
clearance (Table 5.2). AMES toxicity, maximum tolerated dosage (MTD), and LD50 values have
justified the behavior of drug-likeness for selected compounds. The prediction of AMES toxicity
revealed that the substances were not mutagenic and toxic. Any drug can be used at a higher dose
that has an MTD value of >0.477 logs (mg/kg/day). The hepatotoxicity had a positive effect that
validated the harmful nature of compounds. The activity of skin sensitization shows negative
effects proving that compounds can be applied dermally. Furthermore, the CarcinoPred-EL
prediction revealed that none of the chemicals tested were carcinogenic.

Table 5.2: Profiles of toxicity and carcinogenicity for selected compounds.

ZINC | ZINC | ZINC | ZINC | ZINC | ZINC | ZINC | ZINC | ZINC
05220 | 03844 | 06475 | 08764 | 11865 | 08490 | 08918 | 12659 | 68589
992 862 191 231 353 711 302 865 462
hERG Il inhibitor | Yes Yes Yes Yes Yes Yes Yes No Yes
Max. tolerated | 0.439 0.477 0.51 0.675 0.68 0.277 0.444 | -0.205 | 0.244
dose (human)
(log mg)

Oral Rat Acute | 2.455 2.684 3.089 2.506 2.936 2.252 2425 | 2.688 | 2.518
Toxicity (LDsx)
(mol/kg)
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hERG I inhibitor | No No No No No No No No No
AMES toxicity No Yes No No Yes No Yes No Yes
Oral Rat Chronic | -1.055 | 0.718 -0.046 | 0.754 0.721 1.998 -0.908 | 1.137 | 0.658
Toxicity (LOAEL)

(log mg/kg)

Skin Sensitisation | No No No No No No No No No

Minnow toxicity -3.933 | -0.636 | 1.579 | -2.633 | -1.021 | -0.674 | -0.408 | -0.319 | -1.269
(log mM)

T. Pyriformis | 0.285 | 0.288 | 0.285 | 0.289 | 0.29 0.333 | 0.285 | 0.304 | 0.288

toxicity

(log ug/L)

Hepatotoxicity Yes Yes Yes Yes Yes Yes Yes Yes Yes
CarcinoPred-EL

Class NC NC NC NC NC NC NC NC NC

Score 0.45 0.44 0.44 0.45 0.38 0.42 0.45 0.40 0.42

NC: Non-Carcinogen

5.3.4 Analysis of molecular docking

The correct binding pose for compounds on the active site of SMYD2 was investigated using
molecular docking research. Nine compounds were selected as lead compounds that have good
clearance with ADMET profiles (Table 5.1&5.2). The nine lead compounds, in addition to the
control compound (LLY-507) were used to perform the re-docking study using AutoDock. The
binding energy of the control molecule was -11.29 Kcal.mol™. Based on their binding energy,
three compounds such as ZINC08490711, ZINC08764231, and ZINC03844862 showed good
binding energy as compared to the control compound and were selected as the top compounds for
further studies (Table 5.3). Other docking applications, including Autodock Vina, Samina, and
iDock also found that these compounds had the lowest binding energy as compared to the control
molecule (Table 5.3).

Table 5.3: Top compounds chosen from docking analysis with control molecule LLY-507. The
ID of the compound, the binding affinity, and the name of hydrogen-making residues discovered

using various docking programs is shown.
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ZINC | Auto | Hydrogen | Autodo | Hydrogen | Smina | Hydrogen | iDock | Hydrogen
ID dock | bond ¢ Vina | bond (Kcal. | bond (Kcal. | bond
(Kcal. | forming (Kcal. forming mol™) | forming mol™) | forming
mol™) | Residues | mol™) | Residues Residues Residues
ZINCO03 | -11.57 | Thr238 and | -12.1 - -12.60 | - -12.32 | -
844862 Tyr240
ZINCO08 | -11.99 | Val213, -11.7 Val213, -11.65 | Val213, -11.77 | Val213,
490711 Val215, Val215, Val215, Val215,
Thr238, Thr238, Thr238, Thr238,an
and and and d Ser239
Ser239, Ser239 Ser239
ZINCO08 | -11.62 | His137, -12.3 His137, -12.37 | His137, -12.45 | His137,
764231 Cys181, Asn182, Asn182, Asnl182,
and and and and
Tyr240 Ala203 Ala203 Ala203
LLY- -11.29 | Thr185 -10.8 Thrl85 and | -10.9 | Thrl85and | -11.15 | Thrl85
507 Tyr258 Tyr258 Tyr258

5.3.5 Description of selected complexes

The docking analysis showed that among the nine selected compounds, three top compounds

were reported and interactions were explored with control compounds. These three potential

compounds were taken from a large pool of datasets (98071 compounds) using various

characteristics. Figure 5.2 depicts the interactions of these three compounds along with the

control compound at the active site of SMYD2 protein.

5.3.5.1 LLY-507

In molecular docking analysis, the control compound LLY-507 forms a single hydrogen bond
with SMYD2 protein through Thr185 and has -11.29 Kcal.mol™ binding energy. The binding
affinity for this complex with Autodock Vina was -10.80 Kcal.mol™ and formed two hydrogen

bonds. The binding energy was 11.15 for Kcal.mol™ for iDock and -10.90 Kcal.mol™ for Smina

and in both programs two hydrogen bonds were formed with Thr185 and Tyr258 (Table 5.3). The
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interaction forming residues of SMYD2 is shown in Figure 5.2. The interacting residues of
protein and various interaction types with the LLY-507 compound were analyzed by the
Autodock tool.

5.3.5.2 ZINC03844862

The molecular docking investigation for this compound with SMY D2 revealed binding energy of
-11.57 Kcal.mol™ using Autodock. The two hydrogen bonds were formed with the ligand by two
residues such as Thr238 and Tyr240. The binding energy for other programs was -12.60
Kcal.mol™ for Smina, -12.32 Kcal.mol™ for iDock, and -12.10 Kcal.mol™ for Autodock Vina
(Table 5.3). These three programs did not show any hydrogen bond formation between compound
and protein. Diverse hydrophobic interactions were established by this compound. All interacting

residues, analyzed by the Autodock tool are shown in Figure 5.2.
5.3.5.3 ZINC08490711

The binding energy for this compound with SMYD2 was -11.99 Kcal.mol™. Autodock's binding
energy is the highest it has ever shown. Binding affinity for other docking programs was -11.65
Kcal.mol™ for Smina, -11.77 Kcal.mol™ for iDock, and -11.70 Kcal.mol™* Autodock Vina. Four
hydrogen bonds were formed with residues Ser239, Val215, Thr238, and Val213. All docking
methods identified these hydrogen-forming residues to be prevalent (Table 5.3). ZINC08490711
was also used to make other hydrophobic connections. Various other interactions were also
established by this compound. All interacting residues of SMYD2 with this ligand are shown in

Figure 5.2. The protein-ligand interactions are analyzed by the Autodock program.
5.3.5.4 ZINC08764231

The binding affinity of the complex generated by Autodock with SMYD2 was -11.62 Kcal.mol™.
In the Autodock analysis, three hydrogen bonds were formed with residues Tyr240, Cys181, and
His137. Other programs such as Smina, iDock, and AutodocVina, produced complexes with the
binding affinity of -12.37, -12.45, and -12.30 Kcal.mol™, respectively. The His137, Cys182, and
Ala203 residues established three hydrogen bonds with the complex produced by this three
software (Table 5.3). All interacting residues produced by Autodock software are shown in

Figure 5.2.
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Figure 5.2: The three anticipated compounds' optimal binding postures on the active site of

SMYD2 and their interactions along with the control compound LLY-507.

The capacity to predict the best-suited complexes was demonstrated in the redocking experiment.
Through cross-docking and redocking tests, three putative SMYD2 inhibitors (ZINC03844862,
ZINC08490711, and ZINC08764231) with the highest binding energy were discovered. The
interacting residues Asn182, Ala203, Cysl181, Gly183, Met205, Phel84, Ser239, Thr238,
Tyr240, and Tyr258 were found common in the three complexes that were implicated in small
molecule binding. There were multiple hydrogen bond interactions in all three complexes.
Residues Thr238 and Tyr240 established two hydrogen bonds with ZINC03844862.
ZINC08490711 established a hydrogen bond with the residues Thr213, Val215, Thr238, and
Ser239. The residues Cys181, Hisl37, and Tyr240 created three hydrogen bonds with the
compound ZINC08764231. Similarly, there were a small number of amide-pi stacking, pi-alkyl,
and alkyl interactions in complexes (Figure 5.2). Lastly, MDS analysis was performed on these

three compounds.
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5.3.6 Analysis of Molecular dynamics simulations

To analyzed the stability and flexibility of protein-ligand complexes are frequently assessed using
MDS analysis [17], [46], [47]. MDS was conducted at 100 ns for five systems in this study. The
MDS study was used to examine the residual flexibility of the top three docked complexes
(SMYD2-ZINC08490711, SMYD2-ZINC08764231, and SMYD2-ZINC03844862) in addition to
apo-SMYD2 and control complex (SMYD2-LLY-507).

5.3.6.1 RMSD

RMSD study was used to estimate SMYD2's residual flexibility with targets. The complex
stability was investigated using RMSD analysis. Figure 5.3A represented the RMSD fluctuations
observed throughout the simulation of 100 ns for all complexes along with apo protein. After 10
nanoseconds, all complexes were found to be in equilibrium. The average RMSD value was 0.34
nm for apo-SMYD2, 0.43 nm for SMYD2-ZINC08490711, 0.53 nm for SMYD2-
ZINC08764231, 0.47 nm for SMYD2-ZINC03844862, and 0.45 nm for SMYD2-LLY-507. The
selected three complexes show low RMDS values as compared to the control complex. These

findings revealed that the selected complexes' stability was consistent.
5.3.6.2 RMSF

The atomic mobility of the protein's alpha carbon atoms was measured using RMSF analysis. The
RMSF value was calculated for backbone atoms of all complexes to determine the flexibility of
each residue (Figure 5.3B). The average RMSF value was 0.18 nm for apo-SMYD2, 0.21 nm for
SMYD2-ZINC08490711, 0.20 nm for SMYD2-ZINC08764231, 0.19 nm for SMYD2-
ZINC03844862, and 0.19 nm for SMYD2-LLY-507. These findings demonstrated that during
MDS, the molecules can form persistent connections with the protein. The RMSF result
corresponded to the RMSD analysis.
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Figure 5.3: Dynamics of ligand binding with SMYD2. (A) Plot for RMSD as a function of time
achieved for all systems, (B) Fluctuation of residual backbone (RMSF) plot for all systems, (C)
Plot for SASA value as a function of time, and (D) Plot for SASA value with respect to residues.
The colors used in the panels are as black for apo-SMYD2, blue for SMYD2-ZINC08490711,
and magenta for SMYD2-ZINC08764231, green for SMYD2-ZINC03844862, and red for

SMYD2-LLY-507.

5.3.6.4 SASA

SASA stands for the solvent molecule's access to the protein surface area. The increased SASA
value indicates that hydrophobic residues play a significant role in ligand binding. As a result, the
SASA value was calculated for all complexes in addition to apo-protein, as shown in Figure 5.3C.
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The average SASA value was 214.19 nm? for apo-SMYD2, 229.68 nm? for SMYD2-
ZINC08490711, 225.17 nm? for SMYD2-ZINC08764231, 224.81 nm? for SMYD2-
ZINC03844862, and 222.22 nm? for SMYD2-LLY-507. The graphs in Figure 5.3D show the
results of a residue-wise SASA study. The average value of residue-wise SASA was 0.52 nm? for
apo-SMYD2, 0.55 nm? for SMYD2-ZINC08490711, 0.54 nm? for SMYD2-ZINC08764231, 0.54
nm? for SMYD2-ZINC03844862, and 0.53 nm? for SMYD2-LLY-507. Our complexes have
higher SASA values as compared to the control complex indicating that our complexes show
induced stability when it binds with the ligand.

5.3.6.4 Hydrogen bonds analysis

The hydrogen bond formation throughout the simulation study was also calculated, and the plot
for the number of hydrogen bonds is shown in Figure 5.4A. Throughout the simulation, the total
number of estimated hydrogen bonds varied from 1 to 7. The maximum four hydrogen bonds
were formed for the complex SMYD2-ZINC08490711. The compounds having a greater average
value of hydrogen bonds suggested that compounds expressively inhibit the SMYD2 protein.
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Figure 5.4: Hydrogen bond and PCA analysis. (A) The average number of hydrogen bonds in
respect to time, (B) Correlation motion as eigenvector vs. eigenvalues index plot. (C) Projection
of protein motion prediction in 2D phase space and (D) Residue-wise EigRMSF value in all
complexes. The colors used in the panels are as black for apo-SMYD2, blue for SMYD2-
ZINC08490711, and magenta for SMYD2-ZINC08764231, green for SMYD2-ZINC03844862,
and red for SMYD2-LLY-507.

5.3.6.5 Principal component analysis

The study of PCA was done to identify the collective motions among all complexes, along with

apo-protein. In Figure 5.4B, we displayed the first 50 eigenvectors versus eigenvalue. The first
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few eigenvectors significantly contribute to the protein's movements. The starting 10 eigenvectors
accounted 76.45% for apo-SMYD2, 78.83% for SMYD2-ZINC08490711, 76.51% for SMYD2-
ZINC08764231, 75.80% for SMYD2-ZINC03844862 and 79.18% for SMYD2-LLY-507. We
observed the correlation motions by plotting the first two eigenvectors against each other in phase
space (Figure 5.4C). There were stable clusters in all of the complexes. The residues-wise
mobility was also calculated to see the residue-wise correlation motion by using the eignRMSF
value as shown in Figure 5.4D. The value of eigRMSF was 0.12 nm for apo-SMYD2, 0.11 nm
for SMYD2-ZINC08490711, and 0.08 nm for SMYD2-ZINC08764231 0.09 nm for SMYD2-
ZINC03844862, and 0.11 nm for SMYD2-LLY-507. As a consequence of the PCA study, the

results indicated that our top complexes have slight fluctuations and are pretty stable.

5.4 CONCLUSION

The SMYD2 protein has an essential role in numerous cancers progression by the methylation of
several tumor suppressor proteins; therefore, it can be used as a significant target for new cancer
drug development. Using a variety of in-silico analyses, we have anticipated possible SMYD2
inhibitors in this study. Molecular docking analysis was used to improve the accuracy of the
screening process and to reveal the interactions amongst the compounds that were chosen.
Finally, three compounds were identified as possible lead compounds that could be employed as
cancer therapeutics: ZINC03844862, ZINC08490711, and ZINC08764231. The prediction of
ADMET profiles indicated that our proposed compounds have good clearance on all parameters
and would be used as a nontoxic and efficient drug candidate. The MDS study of top compounds
in complex with SMYD2 showed stable binding. The anticipated molecules will essential to be
tested in the lab before they may be produced as anti-cancer drugs. The hypothesized chemicals

could be ideal candidates for cancer prevention and control, according to the researchers.
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Table 2.1: Performance of all models on training dataset with respect to all features in term of accuracy percentage.

Ada- | XG- | Light- i
SVM | LR | LDA | KNN | CART | NB RF | MLP Boost | Boost G%M SGD | Bagging | QDA
AAC 81.39 | 71.39 | 7497 | 76.95 | 71.26 | 73.33 | 81.15| 77.7 | 76.87 | 80.32 | 80.38 | 72.57 | 77.72 | 76.45
APAAC 78.88 | 7465|7489 | 80 | 70.34 |61.25|80.33|81.33|76.98 | 81.79 | 81.94 | 69.6 | 76.79 72.4
CKSAAGP | 74.47 | 6955 | 73.74 | 66.49 | 64.44 | 70.38 | 73.26 | 75.65 | 71.37 | 75.25 | 76.45 | 70.58 | 69.53 | 63.83
CKSAAP 87.02 | 73.31 | 77.79 | 67.98 | 66.91 | 71.28 | 79.23 | 84.71 | 77.59 | 83.53 | 83.22 | 77.74 | 73.88 | 51.97
CTDC 75.43 | 71.3 | 73.55 | 73.09 | 67.96 |68.44 | 75.19 | 75.19 | 73.75 | 75.23 | 76.2 | 715 | 72.96 51.5
CTDD 63.98 | 65.84 | 65.64 | 59.68 | 59.26 | 60.03 | 69.23 | 58.96 | 66.93 | 69.62 | 69.99 | 61.05| 63.96 | 50.19
CTDT 75.39 | 70.93 | 73.47 | 70.78 | 66.04 | 68.5 | 74.4 | 73.79 | 72.26 | 73.99 | 7456 | 70.6 7054 | 72.88
Ctriad 77.88 | 75.87 | 75.85 | 64.42 | 63.06 | 68.11 | 75.72 | 76.35 | 73.22 | 77.73 | 77.94 | 7421 | 7235 | 64.37
DDE 82.24 1 80.82 | 80.86 | 71.19 | 66.76 | 71.36 | 78.72 | 81.72 | 76.15 | 82.39 | 81.67 | 76.85 73 76.8
DPC 83.57 | 70.19 | 80.27 | 67.65 | 66.47 | 71.65 | 79.14 | 80.6 | 75.67 | 82.5 | 82.48 | 66.34 | 73.72 | 71.39
GAAC 70.88 | 68.09 | 68.35 | 67.5 | 62.06 | 68.94 | 69.27 | 69.42 | 69.6 | 68.37 | 69.66 | 67.67 | 66.19 | 68.66
GDPC 72.89 | 67.41 | 70.97 | 68.85| 64.2 |70.49 |73.57 | 7252 | 69.97 | 72.02 | 73.57 | 67.24 | 69.9 65.93
Geary 72.79 1 69.68 | 69.49 | 56.51 | 58.47 | 58.8 | 66.47 | 66.01 | 66.36 | 69.58 | 70.52 | 63 63.02 | 60.18
Moran 73.66 | 70.36 | 70.27 | 56.51 | 57.32 | 59.17 | 67.04 | 69.95 | 66.84 | 70.23 | 70.58 | 70.65 | 62.47 | 60.42
MoreauBroto | 76.09 | 72.2 | 72.13 | 59.06 | 59.74 | 60.94 | 71.72 | 75.61 | 69.03 | 74.56 | 75.45 | 72 65.8 63.65
PAAC 78.86 | 74.47 | 72.63 | 79.01 | 70.32 | 57.67 | 81.32 | 82.92 | 77.74 | 81.52 | 81.54 | 66.56 | 76.52 | 70.97
QSOrder 79.97 | 71.89 | 7752 | 77.35| 689 |65.36 |80.82 | 78.05 | 76.52 | 81.45 | 82.46 | 72.39 | 7591 | 67.48
SOCNumber | 66.87 | 57.52 | 67.46 | 61.36 | 60.45 | 66.34 | 69.31 | 52.34 | 66.32 | 68.72 | 69.42 | 51.19 | 66.52 63.2
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Table 2.2: Performance of all models on independent test dataset with respect to all features in term of accuracy percentage.

Ada- | XG- | Light- .

SVM | LR | LDA | KNN | CART | NB RF | MLP Boost | Boost GgBM SGD | Bagging | QDA

AAC 82.62| 73.1 |76.15|79.21| 717 | 7423 |80.61|79.38| 7851 | 81.31 | 81.65 | 74.23 | 78.07 |76.24
APAAC 81.46 | 7526 | 729 | 8199 | 68 62.5 | 81.29 | 83.39 | 79.28 | 81.31 | 82.86 | 74.65| 78.23 |73.68
CKSAAGP | 7554 | 71.7 | 73.97 | 69.25 | 63.66 |69.78 | 76.15 | 75.28 | 73.53 | 76.5 | 76.85 | 724 | 73.01 |62.18
CKSAAP | 87.94 | 74.67 | 78.34 | 70.39 | 68.64 | 73.01 | 80.08 | 84.36 | 79.21 | 85.32 | 85.24 | 79.56 | 75.19 |50.21
CTDC 75.25|71.32 | 72.37 | 7447 | 67.75 |69.31 | 76.74 | 75.17 | 75.17 | 76.31 | 77.7 | 7298 | 73.16 |58.12
CTDD 62.84 | 66.25 | 66.78 | 57.69 | 57.08 | 61.36 | 70.27 | 61.53 | 68.44 | 71.94 | 70.97 | 49.47 | 66.6 |49.73
CTDT 79.8 | 70.8 | 7255|7185 | 67.91 | 69.84 | 76.22 | 75.34 | 7456 | 77.44 | 77.62 | 70.19 | 729 |75.17
Ctriad 77.97|76.13 | 76.13 | 66.25 | 59.44 | 66.87 | 77.18 | 75.26 | 73.95 | 79.02 | 78.4 | 75.61| 71.67 |62.76
DDE 84.36 | 81.65 | 81.31 | 73.44 | 64.89 | 74.41 | 80.96 | 83.49 | 78.95 | 84.45 | 84.19 | 73.79 | 74.49 |79.38
DPC 83.66 | 71.7 | 81.22 | 70.74 | 66.81 | 73.53 | 79.65|81.22 | 79.3 | 84.1 | 8393 | 72.13| 7449 |73.18

GAAC 72.05|70.91 | 71.17 | 65.67 | 64.45 | 70.04 | 70.91 | 70.82 | 70.48 | 71.61 | 7248 | 69.6 | 68.12 | 68.2
GDPC 73.62 | 71.17 | 70.91 | 69.6 | 65.06 | 70.82 | 73.88 | 72.05 | 72.75 | 72.66 | 73.62 | 72.48 | 68.47 | 65.93
Geary 72.2 | 69.23 | 68.53 | 54.8 | 56.99 | 60.13 | 67.22 | 67.04 | 68.61 | 70.71 | 71.41 | 6451 | 62.41 |62.58
Moran 71.85| 68.7 | 69.75| 5559 | 59.61 | 60.4 | 68 |69.49 | 66.34 | 69.84 | 71.67 | 68.79 | 63.19 |63.02
MoreauBroto | 77.18 | 70.71 | 70.1 | 60.4 | 59.26 |62.15|71.76 | 75 | 69.93 | 7456 | 75.17 | 70.1 | 64.07 |66.52
PAAC 80.17 | 75.1 | 77.03 |80.34 | 72.22 |60.17 | 81.83 | 83.49 | 78.68 | 81.57 | 82.44 | 58.95| 77.64 |71.96
QSOrder | 8148|7231 7799 | 793 | 70.56 | 648 | 82 |79.65| 76.94 | 83.14 | 834 |7432| 77.11 |66.81
SOCNumber | 69.95 | 56.85 | 69.78 | 64.01 | 62.88 | 67.16 | 71.7 | 49.78 | 69.95 | 71.17 | 73.01 | 51 67.94 |62.35
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Table 3.1: Correlation of SMYD2 with various cancers in immune cell infiltration. Significant

correlation (both positively and negatively) with their top performing algorithm is shown.

Cancer name

Adjusted

(number of Immune cell (Algorithm name) Rho-value p-value I
sample) p-vaiue
BLCA (n=408) | Cancer associated fibroblast (EPIC) 0.208921184 5.37E-05 | 0.000940094
(Bnlficliﬁ)o) Cancer associated fibroblast (XCELL) | -0.084872921 | 0.007421402 | 0.046177614
?nFi(l:leo) T cell CD8+ (MCPCOUNTER) 0.115119323 | 0.000275847 | 0.003218216
BRCA-Basal T cell CD8+ central memory -0.163808446 | 0.030786747 | 0.117754565
(n=191) (XCELL)
(Bnlzgg)LumA Cancer associated fibroblast (EPIC) 0.2609479 1.71E-09 1.36E-07
(BnFi(53£\3-)LumA T cell CD8+ (TIMER) 0.238381553 4.10E-08 1.77E-06
(Bnlz(zlfg-)LumB Cancer associated fibroblast (EPIC) 0.237009138 | 0.000933165 | 0.00926377
_ Cancer associated fibroblast
CESC (n=306) (MCPCOUNTER) 0.217527063 | 0.00026452 | 0.003151727
CESC (n=306) | T cell CD8+ (CIBERSORT-ABS) -0.136613491 | 0.02296046 | 0.10204649
COAD (n=458) (TXCSELCL[)’SJ’ central memory -0.171289316 | 0.004390426 | 0031122005
DLBC (n=48) | Cancer associated fibroblast (XCELL) | -0.336533182 | 0.031443397 | 0.118975017
DLBC (n=48) | T cell CD8+ (TIMER) 0.339587863 | 0.029841558 | 0.116862044
ESCA (n=185) | Cancer associated fibroblast (TIDE) 0.448698139 2.67E-10 2.49E-08
ESCA (n=185) | T cell CD8+ (EPIC) -0.286775743 9.50E-05 | 0.00147793
HNSC (n=522) | Cancer associated fibroblast (TIDE) 0.162352433 | 0.00029918 | 0.003419199
HNSC (n=522) | T cell CD8+ (EPIC) -0.22066232 7.69E-07 2.53E-05
gﬂng)H PV=" | Cancer associated fibroblast (TIDE) 0.240976725 1.08E-06 3.04E-05
gﬂfgé)HPV' T cell CD8+ (EPIC) 0280527191 |  114E-08 |  7.11E-07
_ Cancer associated fibroblast
KIRC (n=533) (MCPCOUNTER) -0.134977876 | 0.003689838 | 0.02718828
KIRC (n=533) | T cell CD8+ (EPIC) 0.262045061 1.12E-08 7.11E-07
LIHC (n=371) | Cancer associated fibroblast (TIDE) 0.129325836 | 0.016238763 | 0.080881159
LIHC (n=371) | T cell CD8+ (EPIC) 0.129227666 | 0.016320662 | 0.080881159
PAAD (n=179) | Cancer associated fibroblast (XCELL) | -0.200365854 | 0.008598782 | 0.05068756
PAAD (n=179) | T cell CD8+ (CIBERSORT) -0.195066225 | 0.010566378 | 0.059171715
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Table 3.2: Significant pathways and functional enrichment analysis list with GO term of SMYD2

related genes.

Term | p-value | g-value
RECTOME Pathways
Activation Of Arylsulfatases R-HSA-1663150 0.001862428 0.28068574
RAB Geranylgeranylation R-HSA-8873719 0.003704472 0.28068574
Metabolism Of Proteins R-HSA-392499 0.005567543 0.28068574
ggggggaperonm Tubulin Folding Pathway R-HSA- 0.00584762 0.28068574
Metal lon SLC Transporters R-HSA-425410 0.007438995 0.2856574
Cargo Concentration In ER R-HSA-5694530 0.011134522 0.33980545
Protein Folding R-HSA-391251 0.01238874 0.33980545
Gamma Carboxylation, Hypusine Formation And 0.018714055 0.378438151
Arylsulfatase Activation R-HSA-163841 ' '
ggsté;r;nslatlonal Protein Modification R-HSA- 0.020222681 0.378438151
Glycosphingolipid Metabolism R-HSA-1660662 0.02131096 0.378438151
KEGG Pathways
HIF-1 signaling pathway 0.002190906 0.111736198
Glycolysis / Gluconeogenesis 0.044353776 0.494592481
Central carbon metabolism in cancer 0.047984787 0.494592481
GO Biological
Mitochondrial transport (GO:0006839) 0.000177012 0.077815177
Oxaloacetate metabolic process (GO:0006107) 0.000245087 0.077815177
Tubulin complex assembly (GO:0007021) 0.000679555 0.143839177
Response to nitric oxide (GO:0071731) 0.001862428 0.25053564
Protein modification by small protein conjugation or
removal (GO:0070647) 0.002165765 0.25053564
Proteolysis (GO:0006508) 0.003202217 0.25053564
Protein import into mitochondrial matrix
(G0:0030150) 0.004004046 0.25053564
mitochondrial cytochrome c oxidase assembly
(GO:0033617) 0.0044345 0.25053564
Cellular response to decreased oxygen levels
(G0:0036294) 0.005004401 0.25053564
Respiratory chain complex IV assembly
(GO:0008535) 0.00584762 0.25053564
GO Molecular
GDP binding (G0:0019003) 0.000354195 0.044628576
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Dipeptidase activity (GO:0016805) 0.000870867 0.049261757
Purine ribonucleoside triphosphate binding

(GO:0035639) 0.002164601 0.049261757
Arylsulfatase activity (GO:0004065) 0.002165765 0.049261757
Exopeptidase activity (GO:0008238) 0.002370205 0.049261757
GTP binding (GO:0005525) 0.002607179 0.049261757
Nucleoside-triphosphatase activity (GO:0017111) 0.002736764 0.049261757
Sulfuric ester hydrolase activity (GO:0008484) 0.003205288 0.050483291
Guany!l ribonucleotide binding (G0O:0032561) 0.004428742 0.058030422
GTPase activity (GO:0003924) 0.004605589 0.058030422
GO Cellular

Integral component of mitochondrial membrane

(GO:0032592) 0.000334323 0.040453096
Microtubule cytoskeleton (GO:0015630) 0.001371658 0.082985311
Integral component of mitochondrial outer membrane

(GO:0031307) 0.005356497 0.153876846
Intrinsic component of mitochondrial outer

membrane (GO:0031306) 0.00584762 0.153876846
INO8O-type complex (GO:0097346) 0.006358547 0.153876846
Nuclear chromosome (G0O:0000228) 0.008346007 0.157408952
Lysosome (GO:0005764) 0.010033373 0.157408952
Azurophil granule lumen (GO:0035578) 0.010407203 0.157408952
Lytic vacuole (GO:0000323) 0.024264693 0.264603316
Postsynaptic recycling endosome (G0:0098837) 0.029630963 0.264603316
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6.1 CONCLUSION

The identification of correct PMTs is essential to understanding their precise biological
functions as they have significant importance in various ways. However, in this Ph.D. work, a
machine-learning based method was developed using the amino acid sequence feature for the
prediction of PMTs. The role of SMYD2 in numerous cancer progressions over the
methylation of non-histone tumor suppressor proteins is crucial because it can aid in the
development of new cancer drugs and therapies. As a result, SMYD2 has become an
attractive and possible beneficial target for the development of cancer drugs. Herein, a variety
of in silico analyses was performed and three novel SMYD2-associated nsSNPs were
identified that significantly affect the enzymatic activity of SMYD2. Furthermore, novel
SMY D2-specific inhibitors were also proposed in this study. Molecular docking analysis was
used to advance the accuracy of the screening process and based on binding energy, the most
appropriate compounds were chosen. Finally, three compounds were identified as possible
lead compounds that could be employed as cancer therapeutics. The lead molecules were also
examined using ADMET, and we discovered that they met the requirements for blood-brain
barrier permeability and were not hazardous or carcinogenic. The MDS study of chosen
chemicals revealed that the binding of ligand molecules with protein was stable. The
anticipated molecules will essential to be tested in the lab before they may be produced as
anti-cancer drugs. The hypothesized drug-like molecules could be ideal candidates for cancer
prevention and control.
6.2 Important findings from the research work
e Chapter 1 of this thesis deals with the development of a machine-learning-based
model that helps to classify the PMTs and non-PMTs. The significant importance of
PMTs suggested that there is a need to develop an accurate prediction method for the
identification of PMTs. The prediction method is trained using amino acid sequences
from a public database. A total of 18 sequence-based numerical features were
calculated and model training was performed by using 14 different machine-learning
algorithms to find out the best feature and best algorithm in the case of my dataset.
Out of 18 features, the CKSAAP feature achieved the highest accuracy with the SVM
algorithm. Performance of this model was observed as the accuracy of 87.94% with
balance Sensitivity (88.8%) and Specificity (87.11%) with MCC of 0.759 and
AUROC of 0.945. The AUROC value towards one also suggested that this model has
better prediction ability. Therefore, the SVM-based CKSAAP model was identified as



an optimal model for the prediction of PMTs. Finally, the best model was developed
as standalone software called PMTPred which is available for download at
http://www.bioinfoindia.orqg/PMTPred/ and

https://github.com/ArvindYadav7/PMTPred for research and academic use.

Chapter 2 of this thesis comprehensively examines the expression level of SMYD?2 in
various cancer patients available in TCGA and its level of correlation with cancer
prognosis. The outcomes suggested that SMYD2 was highly expressed in tumor
tissues as compared to their corresponding normal tissues. The analysis of overall
survival and disease-free survival of cancer patients proposed a high level of SMYD2
in CESC (P = 0.00045) and a lower level of SMYD2 in KIRC (P = 6e-06)
significantly affected the overall survival of the cancer patients. While a lower level
of SMYD2 in BRCA (P =0.046) and KIRC (P = 0.013) and a higher level of SMYD2
in COAD (P = 0.0061) and HNSC (P = 0.008) were significantly correlated with
disease-free survival of the cancer patients. A total of 24 mutations were observed in
the SMYD2 protein sequence. Gene ontological properties and pathways were found
to be significantly linked to the development of cancer. These results will help us to
understand how the SMYD2 functions have been associated with the development of
tumorigenesis and metastasis. Therefore, SMYD2 would be a probable biomarker and
a significant drug target for the prevention of human cancers.

Chapter 3 of this thesis examined the most deleterious nsSNPs that significantly affect
the enzymatic activity of SMYD2. In this study, three significant nsSNPs such as
H207D, C209W, and C209R were identified by using a rigorous computational
method. The MDS study suggested that these mutations have a greater effect on the
SMYD2 protein structure and function. These nsSNPs could be considered as a
potential biomarker for SMYD2-associated cancers and might be applied for early
diagnosis and personalized medicine for cancer risk. The findings of this study are
intended to be used as a starting point to perform the precision-based analysis,
therefore experimental validation is needed. Moreover, this computational approach is
expected to aid in the prioritization of SNPs, and may also be appropriate for the
analysis of new genes that elucidate the fundamental genetic pathways of cancer
formation.

Chapter 5 of this thesis utilized a variety of in-silico analyses in order to propose three

novel SMYD2-specific inhibitors. Virtual screening was performed for 98071 natural


http://www.bioinfoindia.org/PMTPred/
https://github.com/ArvindYadav7/PMTPred

compounds by using SMYD?2 as the target protein. On the basis of binding energy and
protein-ligand interaction analysis, we selected three top compounds ZINC08764231,
ZINC08490711, and ZINC03844862 as probable inhibitors. These selected inhibitors
have good clearance on all parameters according to ADMET analysis and would be
used as a nontoxic and efficient drug candidate. MDS study revealed that selected
compounds with the SMYD?2 structure had a stable binding. Therefore, the outcome
of this study proposed three novel SMYD2-specific inhibitors that can be used as
targeted therapy in several cancers. Although, the anticipated molecules will essential
to be tested experimentally before they may be produced as anti-cancer drugs. The

hypothesized compounds could be ideal candidates for cancer prevention and control.

6.3 FUTURE PROSPECT

We have developed a method using a sequence-based feature. Here, we tested various
machine-learning algorithms with multiple features but prediction accuracy was not
much better for the used dataset. Therefore, deep learning can be applied to improve
the prediction accuracy for the better prediction of PMTs. Additionally, this method
can be integrated into the form of a user-friendly web server so that researchers from
a non-bioinformatics background can also use it.

The identified nsSNPs are wanted to be explored further for their clinical translational
value. In order to convert these genetic insights into better cancer screening and
therapy techniques, the molecular mechanisms of these nsSNPs function must be
explored. Therefore, in vitro and in vivo experiments can be performed for a better
understanding of the effect caused by mutations in the regulation of disease and their
mechanisms.

The proposed compounds can be tested by using in vitro and in vivo experiments to
further understand the pharmacological characteristics such as effectiveness, toxicity,
and use for cancer patients. Understanding the MDS and interaction analysis of ligand
and receptor in association with SMYD2 protein can be a useful link to discovering
many more SMY D2-specific drug compounds in the future.






