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Application of Computational Biology Approaches for the Investigation of the Molecular
Mechanisms of Cancer across Taxonomic Groups

Isil Takan, International Izmir Biomedicine and Genome Institute,

ABSTRACT

Investigating the fundamental mechanisms of tumorigenesis is considered crucial in developing
alternative therapies and new diagnostic strategies. These mechanisms, which were investigated in
this study, could provide an indispensable guide to identifying alternative treatment methods in
cancer research. Data mining methods allow the evaluation of large-scale biological data. To this
end, cross-disciplinary in silico systems biology methods by combining comparative genomics,
differentially expressed gene profiles, biological networks and biological text mining were
employed to investigate the molecular mechanisms of carcinogenesis in diverse taxonomic groups.
For this purpose, the following steps were carried out: (1) Identification of novel genes/proteins
involved in different aspects of cancer through mining publicly accessible primary genomic
databases, (2) Conduct comprehensive in silico phylogenetic analyses of genes/proteins, covering
the major taxonomic divisions, (3) Identification of patterns of differentially expressed genes in
different types of cancers through processing high-throughput data derived from public
repositories, (4) Construction of functional networks and subsequent identification of gene/protein
modules by employing biological network inference techniques, (5) Natural language processing
using artificial intelligence techniques for the detection of semantic relations. The findings of this
study could have potential application in the clinical setting. In this regard, the corresponding genes
can be exploited as diagnostic or prognostic tumor markers, and they could also be utilized in
cancer therapeutic decision-making or the rational strategy of future experimental studies for the

design of targeted cancer drugs.

Keywords: Cancer; Evolution; Comparative genomics; Phylogeny; Data mining; Interaction

network; Natural Language Processing.



Farkh Taksonomik Gruplarda Kanserin Molekiiler Mekanizmalarinin Hesaplamalh

Biyoloji Uygulamalariyla Arastirilmasi

Is1l Takan, izmir Uluslararas1 Biyotip ve Genom Enstitiisii,

OZET

Tiimoérogenezin temel mekanizmalarinin arastiritlmasinin, alternatif tedaviler ve yeni teshis
stratejileri gelistirmede ¢ok Onemli oldugu kabul edilmektedir. Bu ¢alismada arastirilan
mekanizmalar, kanser aragtirmalarinda alternatif tedavi yontemlerinin belirlenmesi i¢in vazgegilmez
bir kilavuz olmasi miimkiindiir. Veri madenciligi yontemleri, genis c¢apli biyolojik verilerin
degerlendirilmesine olanak saglar. Bu nedenle, karsinogenez molekiiler mekanizmalarini aragtirmak
icin karsilastirmali genomik, diferansiyel eksprese olan gen profillerinin belirlenmesi, biyolojik ag
analizi, biyolojik metin madenciligi yontemleri birlestirilerek disiplinler arasi sistem biyolojisi
yontemleri kullanilmistir. In-siliko sistem biyolojisi yaklasimi sirasiyla; (1) erisime agik birincil
genomik veri tabanlarinin madencilik yoluyla yeni genlerin/proteinlerin belirlenmesi, (2) Baslica
taksonomik gruplar1 kapsayan, genlerin/proteinlerin kapsamli filogenetik analizlerinin yiiriitiilmesi,
(3) erisime agik veri tabanlarindan yiiksek verimli veri isleme ile farkli kanser tiirlerinde diferansiyel
olarak eksprese olan genlerin belirlenmesi, (4) islevsel aglarin olusturulmasi ve daha sonra biyolojik
ag yorumlama teknikleri kullanilarak gen/protein modiillerinin belirlenmesi, (5) Anlamsal iligkileri
tespit etmek icin yapay zeka tekniklerini kullanarak dogal dil isleme metotlarinin uygulanmasi
adimlarin1 icermektedir. Calisma bulgularinin klinik ortamda potansiyel uygulamaya sahip olmasi
miimkiindiir. Bu baglamda, ilgili genler, tamisal veya prognostik tiimor belirtegleri olarak
kullanilabilir; ayrica kanser tedavisine yonelik karar vermek veya hedefe yonelik kanser ilaglar
gelistirmek i¢in gelecekteki deneysel ¢caligmalarin rasyonel stratejisinde kullanilabilmesi miimkiindiir.

Anahtar kelimeler: Kanser; Evrim; karsilastirmali genomik; filogeni; Veri madenciligi; Etkilesim
aglar1; Dogal Dil Isleme.

1. INTRODUCTION AND OBJECTIVES




1.1.  Statement and Importance of the Problem

Cancer is one of the most prevalent chronic diseases worldwide. Current anticancer
modalities include radiation, chemotherapy, and surgery. DNA damage and genome instability
caused by radiation and chemotherapy have also several adverse effects and usually cause toxicity.
In general, current treatments provide a temporary advantage, and frequently result in a
‘tsunami’ that kills both cancer and healthy cells non-selectively, as well as the development of
cancer cell resistance (Jaffray and Gospodarowicz 2015). Better understanding of the molecular
mechanisms that underlie cancer would enable the identification of reliable diagnostic and
prognostic biomarkers, improve clinical decision-making and lay the foundation for the

development of targeted therapies.

1.2.  Aims of the Study

The goal of this study is to identify fundamental biological processes and molecular
mechanisms/pathways implicated in carcinogenesis, highly conserved across diverse taxonomic
groups, which could be utilized in the clinical setting or cancer-oriented experimental studies. To
this end, in this study, in silico systems biology approaches were employed, including comparative
genomics, phylogenetics, high-throughput data processing, statistical models, network-based

methods, and natural language processing.

1.3.  Hypothesis of the Study

Given the limited benefits of current treatments, there is a need for more effective and
efficient approaches, directed towards the selective targeting of cancer cells, and at the same time,
sparing the healthy tissue/cells and reducing any adverse effects. The early and accurate diagnosis
of cancer is also of great importance (Jaffray and Gospodarowicz 2015; Saville et al. 2019).
Therefore, by tracing the origin of carcinogenesis and identifying the fundamental mechanisms of
tumorigenesis would likely enable biomedical research to introduce novel diagnostic and
alternative therapeutic approaches for cancer.
2. GENERAL INFORMATION




2.1.  Unravelling the Evolutionary History of Cancer

An evolutionary perspective of carcinogenesis would enable a better understanding of the
underlying mechanisms of cancer. A prominent example is the “atavistic model” of cancer (Davies
and Lineweaver 2011; Louka et al. 2021), which is based on the hypothesis that by tracing the
origin of carcinogenesis and identifying the fundamental mechanisms of tumorigenesis would
likely enable biomedical research to introduce novel diagnostic and alternative therapeutic
approaches for cancer. According to this model, cancer results from the activation of highly
conserved, primitive genes, leading to molecular phenotypes in single-celled organisms and

population dynamics.

The disruption of genes and processes associated with increased intercellular collaboration,
which occurred in early metazoan life, is a trigger of carcinogenesis (Bussey et al. 2017; Trigos et
al. 2017). The study of the underlying molecular mechanisms of cancer in different taxonomic
groups would enable the identification of genes and pathways of high importance in

carcinogenesis.

2.1.1. Evolution of jaws propels occurrence of tumor metastasis

Apart from being a disease of genetic deregulation, cancer is an evolutionary and ecological
process, and tracing its evolution could indicate routes to metastasis. Darwinian laws apply to both,
tumors and the respective organisms on which they grow, since heterogeneous tumor cell
population undergoes selection of the fittest within a population of organisms which is also under
evolutionary pressure. Moreover, all metazoa develop tumors, but differences in their metastatic
potential are observed across phyla. Considering that all animal phyla may have derived from a
common progenitor through major macroevolutionary events, how species capable of metastasis
descended from nonmetastatic ancestors was investigated. Given that the genetic attributes of a
specific species are accessible to the respective tumor, we hypothesized that the same genetic gains
through which the species evolved may have offered selective advantages for the evolution of the
primary tumor towards aggressive stages.

Cyclostomes are basal to the vertebrate clade and are the only living representatives of

jawless vertebrates (agnatha). Cyclostomes is a monophyletic group (Teishima et al. 2014),



comprised of the Petromyzontia (lampreys), which are living fossils from the late Devonian period
(Cui et al. 2019), and Myxinoidei (hagfishes).

The occurrence of tumors in Cyclostomes and the histopathological characteristics thereof
has been the major focus of Falkmer and colleagues during the seventies (Bhattacharya, Ray
Chaudhuri, and Roy 2018; Cui et al. 2019; Jizhong Wang et al. 2020) and, up to this day, these
reports are considered the most extensive, detailed and well-controlled studies on this enigmatic

basal vertebrate superclass.

Falkmer screened two large populations of hagfishes and lampreys for tumor incidence. Out
of 6000 lampreys caught in the Ume and the Ricklean rivers between 1973 and 1974, only one
individual (0.017%) presented well differentiated primary hepatocellular carcinoma. In contrast,
of the 27,300 hagfishes captured in the Gullmar fjord within five years (1972-1976), up to 5.8%
exhibited liver adenomas and carcinomas. This percentage was substantially higher as compared
to the tumor-bearing hagfishes (2.8%) in the control group, which was the open-sea population of

1183 individuals that were caught outside the fjord.

Intriguingly, the affected hagfishes developed tumors with high or low differentiation, but
no signs of metastasis (Bhattacharya, Ray Chaudhuri, and Roy 2018; Cui et al. 2019; Jizhong Wang
et al. 2020). This increased cancer incidence was attributed to a mixture of PCBs (polychlorinated
biphenyls) and DDT (dichlorodiphenyltrichloromethylmethane), two anthropogenic
organochloride contaminants which were washed down the fjord. Because hagfishes were
parasitizing on PCB/DDT-contaminated fishes, these agents bioaccumulated and triggered
carcinomas in the liver and, to a lesser extent, in pancreatic islets (Jizhong Wang et al. 2020). The
fact that despite their exposure to confirmed carcinogens (T. Chen et al. 2017; Y. Huang et al.
2015; Matsuda et al. 2011, 2012), a certain percentage of hagfishes developed malignant tumors,
but none of the 28,483 subjects developed metastasis, suggests that these animals may be
metastasis-refractory or metastasis-incapable. Nevertheless, in Chondrichthyes, fifty cases of
spontaneous cancer, including invasive (T. Chen et al. 2017) and metastatic (Kim et al. 2019; Ju

Wang et al. 2011) tumors, have been reported in the wild since the 1900s, suggesting that the



descendant species of Cyclostomes are capable of metastasis. There is an increased incidence of
tumors in Osteichthyes and more frequent metastatic cases/events (Teishima et al. 2014; Ju Wang
et al. 2011; Wein et al. 2017). In amphibia (Montazeri and Bellmunt 2020), reptiles and birds (Y.
Huang et al. 2015), invasive and metastatic cancers are more common, while mammals show an
increased prevalence of metastatic cancers (Brand et al. 2014). Collectively, an overview of the
reported tumors within the vertebrate clade suggests the consistent occurrence of metastatic tumors
in Chondrichthyes and descendants, thereby determining the origin of metastasis between
Cyclostomes and Chondrichthyes (Figure 1). Metazoans occupy sequential node positions in the
phylogenetic tree, each revealing for the first time an indispensable macroevolutionary trait that is
consistently inherited by descendants (Table 1). In jawless vertebrates, an interplay between cancer
and immune cells might have promoted co-evolution between metastatic tumors and the immune
system in their gnathostome descendants. It is possible that cancer cells showed a preference for
exploiting gnathostome- specific innovations, such as jaws, to increase their fitness into a rapidly
changing tumor microenvironment, which became enriched in adaptive immune cells. If this is
indeed the case, then perhaps metastasis can be perceived as a collateral effect of the evolution of

the immune system in vertebrates.

Preclinical studies using in vitro cell lines, mouse xenografts and/or patient samples
underscore that most of the invasive stages in a cancer type-dependent manner are known pro-
metastatic drivers. For several of them, molecular modifiers have been developed and entered
clinical trials, either as monotherapies or as combination regimens (The ClinicalTrials.gov
database Accessed 1 May 2020). Regarding the age of the hubs of s jaw-developmental network
which are deregulated in invasive cell lines, our studies indicate that 37.2% (16 out of 43) occurred

first in gnathostomes, whereas 16.3% (7 out of 43) were of pre-gnathostome origin (Table 2).
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Figure 1: Phylogenetic tree representing the evolutionary relationships of metazoa and the

emergence of metastasis in the cyclostome-to-Chondrichthyes transition Each phylogenetic group



has manifested, for the first time, a key innovation that was conserved throughout the lineage. In
the case of Protochordates, due to their nodal position between invertebrates and vertebrates, both
Cephalochordates and Urochordates were included in the present analysis. Red-colored clades
indicate groups with lethal cancer types. Tumors were classified as benign, malignant/non-
metastatic, or malignant and metastatic, based on information obtained from histological
analyses. Invasive and metastatic tumors have been reported from Chondrichthyes to mammals.
Mollusks have infectious and invasive cancers, while the urochordates are resistant to cancer. The
red dot on the tree represents the common chordate ancestor, which gave rise to both, metastatic
(green dots) and non- metastatic species (yellow dots). There is also the representation of the
origins of a closed circulatory system and of acquired immunity. All chordates have a closed
circulatory system. Adaptive immunity first occurs in cyclostomes, whereas all their ancestors
exhibit only innate immunity. Model of the progression from a normal cell to metastatic cancer

based on an original illustration by lacobuzio-Donahue et al. 2012



Table 1: Taxa under study and hallmark macroevolutionary characteristic(s) that first appeared in each taxon. The circulatory

and immune systems of each taxonomic group are also presented.

EVOLUTIONARY HALLMARK
FIRST APPEARED IN TAXON

TAXON CIRCULATORY SYSTEM IMMUNE DEFENSE
Porifera multicellularity no circulatory system innate immunity
Cnidaria tissues no circulatory system innate immunity

Platyhelminthes

bilateral symmetry, triploblastic
(endoderm-mesoderm-exoderm)

no circulatory system

innate immunity

circulatory system, complete digestive

open circulatory system

Nemertea system Innate immunity
Nematodes body cavity no circulatory system innate immunity
Molluscs coelom open circulatory system innate immunity

Echinodermata

deuterostome development, endoskeleton

Main circulation of coelomic fluids by
peritoneal cilia

innate immunity

Cephalochordates

notochord, dorsal tubular nerve cord,
pharyngeal pouches, endostyle, postnatal
tail

closed circulatory system. Ventral heart, with

dorsal and ventral blood vessels

innate immunity

notochord, dorsal tubular nerve cord,
pharyngeal pouches, endostyle, postnatal

closed circulatory system. Dorsal and ventral

Urochordates tail blood vessels. No heart innate immunity
Cyclostomes neural crest closed circulatory system, 2-chambered heart | innate and adaptive immunity
Chondrichthyes cartilaginous jaws closed circulatory system, 2-chambered heart | innate and adaptive immunity
Osteichthyes bony endoskeleton closed circulatory system, 2-chambered heart | innate and adaptive immunity
lungs, tetrapod leg closed circulatory system, double circulation,
Amphibia 3-chambered heart innate and adaptive immunity

Reptiles

amniotic egg

closed circulatory system, double circulation,

3-chambered heart

innate and adaptive immunity




0T

endothermy, homeothermy

closed circulatory system, double circulation,

Birds 4-chambered heart innate and adaptive immunity
hair, mammary glands closed circulatory system, double circulation,
Mammals 4-chambered heart innate and adaptive immunity

Table 2: Status of preclinical and clinical cancer research studies on the hub JIGs that are deregulated in invasive cancer cell

lines

Study system(s) | TARGETED THERAPIES REFs*




Il

PRECLINICAL STUDIES Clinical trials Approved/marketed drugs
GENE? Effect on cell
Cancer type(s) invasion and/or
metastasis
breast, colon, esophageal cancer cell lines, [1-8]
BMP4 squamous cell carcinoma, promoting or mouse 1in phase 1 ND*
glioma, hepatocellular, inhibiting xenografts,
melanoma patient samples
cancer cell lines, [9-11]
CDON prostate, endometrial, promoting mouse ND ND
colorectal xenografts,
patient samples
. 15 in early phase 1 cetuximab, dacomitinib, [12-20]
cancer cell lines, . - e S
EGFR prostate promoting xenografts, S pphase 5 osimertinib, panitumumab,
patient samples 37 in phase 4 vandetanib
cancer cell lines, [21-25]
FGF18 breast, lung, ovarian, promoting mouse 1 observational, ND
gastric xenografts, recruiting
patient samples
cancer cell lines, [26-31]
FGF9 gastric, prostate, ovarian promoting mouse ND ND
xenografts,
patients samples
erdafitinib: FDA-approved for [32-38]
breast, colorectal, gastric ~ promoting cancer cell lines, 9 in phase 1 metastatic bladder cancer
27 in phase 2
FGFR2 Xe?::;;eﬁ& 6 in phase 3 pemigatinib: FDA approved
patient samples 1 in phase 4 for locally advanced or
metastatic
cholangiocarcinoma
. 6 in phase 1 erdafitinib: FDA-approved for [37-40]
. cancer cell lines, . .
FGFR3 bladder, hepatocellular promoting mouse xenografts 232ilnnpphhaasze32 metastatic bladder cancer




pemigatinib: FDA approved
for locally advanced or
metastatic cholangiocarcinoma

bladder, gastric, [41-48]
GLI2 glioblastoma, promoting cancer cell lines, ND ND
hepatocellular, melanoma, mouse xenografts
osteosarcoma, prostate
colorectal, lung, oral . cancer cell lines, [49-51]
GLI3 squamous cell carcinoma promoting mouse xenografts ND ND
cancer cell lines, [52-57]
GPC3 breast, gastric, promoting or mouse 12 in phase 1, 2 ND
hepatoce"u'ar, ovarian |nh|b|t|ng Xenogl’afts, in phase 2
patient samples
cancer cell lines, . [58-62]
mouse 1 in early phase
ITGB1 colorectal, e§ophageal, promoting 1 in phase 1 ND
ovarian xenografts, :
. in phase 2
patient samples
cancer cell lines, [63-66]
MMP2 breast, colorectal, lung : mouse 3 in Phase 1 ND
promoting xenografts, 1 in Phase 2
knockout mice
cancer cell lines, [67-72]
SFN lung, pancreatic promoting mouse ND ND
xenografts,
patient samples
1 in early phase 1 glasdegib: FDA-approved for [73-85]
1in phase 1 AML
bladder, breast, gastric, cancer cell lines, 7 in phase 2 sonidegib: FDA-approved for
SHH lung, oral squamous cell promoting xenmoourzﬁ‘ts Ll Pz 2 locally ag;i?ﬁg?ngasal cell
carcinoma, osteosarcoma, enogrates, ismodedib: EDA d
-, patient samples Rl DI plplae
pros for metastatic basal cell
carcinoma
colon, gl_loblastoma, lung, cancer cell lines, [86-94]
ovarian, renal cell .
. promoting or mouse
carcinoma, R ND
SPRY2 rhabdomyosarcoma inhibiting xenografts, ND

prostate

patient samples




4!

breast, colorectal,

cancer cell lines,
mouse

13 in early phase 1
145 in phase 1
338 in phase 2

axitinib, bevacizumab,
cabozantinib, lenvatinib,

pazopanib, ponatinib,
ramucirumab, regorafenib,

[95-98]

VEGFA glioblastoma, lung, renal promoting xenografts, patient . | Tehl
carcinoma,  ovarian, samples 68_'“ phase 3 sorafenib, sunitinib,
sarcoma 8 in phase 4 vandetanib, ziv-aflibercept
frequently mutated [99]
in gastric tumors
DYNC2H1 gastric with JEgStage patient samples ND ND
lymph node
metastasis
e o | 2P 100209
EDNRA v g ' promoting cancer cell lines, 8 in phase 2 ND
melanoma, nasopharynx, mouse xenografts .
. 7 in phase 3
ovarian, prostate
breast, colorectal, gastric, cancer cell lines, [106-112]
GAS1 hepatocellular, melanoma inhibiting mouse ND ND
xenografts,
patient samples
IFT57 breast, prostate a ssociated with patient samples ND ND [113,114]
disease recurrence
melanoma, renal cell associated  with . [115-117]
LRP2 carcinoma, prostate disease recurrence patient samples ND ND
breast, head an_d neck cancer cell lines, 1 in early phase 1 vismodegib: FDA-approved [85]
SMO squamous cell carcinoma . mouse . . [118, 119]
promoting 13 in phase 1 for metastatic basal cell
xenografts, . .
. 10 in phase 2 carcinoma
patient samples
cancer cell lines, [120, 121]
WNT3A colon, lung promoting mouse ND ND
xenografts,

patient samples

$ Grey-colored rows highlight gnathostome-specific genes, and white lines genes of pregnathostome origin
*ND - not determined
# References are provided in ADDENDA 8.3.




2.1.2. Functional implications of keratins in cancer biology

Keratins (KRTSs) constitute the intermediate filament-forming proteins of epithelial cells.
They are also grouped as "soft" and "hard" keratins on the basis of their physicochemical properties.
Hard keratins make up morphological structures such as scales, claws and feathers in birds and hair
and nails in mammals. Soft epithelial keratins are highly involved in epithelial cell protection from
mechanical and non-mechanical stressors and also play a regulatory role in apical-basal plasma
membrane polarity, cell size, cell motility, protein synthesis, membrane trafficking and signaling
pathways that regulate cell response to wound healing, cell growth and cell death (Coulombe and
Omary 2002; Moll, Divo, and Langbein 2008). Because of these properties, soft keratins are known
to have a prominent role in several aspects of cancer pathophysiology, including cancer cell
invasion and metastasis, and several members of the KRT family serve as diagnostic or prognostic
markers (Karantza 2011).

The human genome contains both functional KRT genes and nonfunctional KRT
pseudogenes, which are arranged in two uninterrupted clusters on chromosomes 12 and 17 (Figure
2 a-b) (Hesse et al. 2004). This exceptional characteristic of KRTs renders them ideal for
evolutionary studies in order to infer the timing and direction of gene duplication events. However,
there is a lack of a comprehensive in silico analysis of keratins which would enhance our
understanding regarding the functional implications of keratins in cancer biology among tumor-

bearing species.
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Figure 2: Keratin clusters on chromosomes (a) 12 and (b) 17 (Downloaded from Ensembl genome

viewer; http://www.ensembl.org/).

Similar protein sequences tend to share similar biological functions and three-dimensional
structures. Therefore, investigating the evolutionary relationships among the putative KRT
candidate gene products and the well-annotated ones enabled us to assign roles/functions to the
unknown proteins. Duplication and mutation events during evolution gave rise to the KRT gene
family, which is essential for developing novel genes. It has been shown that kallikreins
(Pavlopoulou et al. 2010), oxidative phosphorylation (OXPHOS), keratin-associated proteins
(KRTAPS) (Wu, Irwin, and Zhang 2008), and bitter taste receptor (T2R) gene families (de Grassi,
Lanave, and Saccone 2008), which have undergone a series of duplications, are implicated in
critical physiological processes.

Despite the critical properties of keratins, there is a lack of comprehensive phylogenetic
analysis to understand the relationship between keratins and species. Some studies have shown
active keratin involvement in cancer cell invasion and metastasis, which are highly critical stages
of tumorigenesis and essential in response to treatment. In this study, the evolutionary history of

the KERATIN gene family was reconstructed.

For this purpose, comprehensive phylogenetic analyses of the corresponding KRT
homologous proteins in multiple genomes were performed. To this end, the publicly available
genomes, including those completed recently, were searched extensively for keratin homologs.
Phylogenetic trees based on the entire length of keratin homologous proteins were reconstructed.

Comprehensive phylogenetic analyses of KRT homologous proteins have been performed.
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2.2. Bioinformatics approaches

2.2.1. Database Homology Search

Homologous sequences, that is, sequences with shared ancestry tend to exhibit similar
sequences, structures and biological functions. Therefore, a putative protein sequence can be
compared against well-annotated sequences in databases, like NCBI GenBank
(https://www.ncbi.nlm.nih.gov/genbank/; (Benson et al. 2017)), Ensembl
(http://www.ensembl.org/; (Zerbino et al. 2018)) or UniProtKB

(https://www.uniprot.org/uniprot/; (UniProt Consortium 2018)), with resolved structure and
experimentally verified function, in order to predict its structure and infer its function. This process
is called database sequence similarity search, or homology searching, where a query sequence is
searched against each sequence in the database for the discovery of similar sequences. BLAST
(Basic Local Alignment Search Tool) (Altschul et al. 1990) is a popular local alignment heuristic

algorithm for database homology search.

2.2.2. Sequence Alignment
Sequence alignment is the first step used to quantify similarity and allows to make inferences

regarding the evolutionary history of the aligned sequences (Hodgman, 2010).

Pairwise sequence alignment is the alignment of two sequences (RNA, DNA or protein
sequences). Pairwise sequence alignments can be interpreted in terms of evolution. For instance,
when identical residues are aligned, then these residues are derived from a common ancestral
sequence and have remained unchanged (conserved), suggesting structural or functional
importance of this residue; conversely, when non-identical residues are aligned, then a residue has

been likely substituted during the course of evolution by another one.

Multiple sequence alignment (MSA) is the alignment of three or more RNA, DNA or protein
sequences (L. Wang and Jiang 1994). There are several MSA methods (e.g., iterative, progressive,
consistency-based) used to maximize the scores and the accuracy of the alignments. MSA illustrate
the inter-relationships among sequences and are informative about evolutionary conservation.

Conserved residues that are aligned across the length of quite diverse sequences have presumably
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descended from a common ancestor and they often play a critical role in the maintenance of
structural stability or biological function. Notably, MSA represents the most critical step in

phylogenetic analysis.

2.2.3. Phylogenetic Analysis

Phylogenetics is the study of the evolutionary relationships among sequences or taxa.
Phylogenetic analysis can be employed to describe relationships of paralogues in a gene family,
and the differentiation and cancer development (Salipante and Horwitz 2006; Yang and Rannala
2012).

2.2.3.1. Phylogenetic Tree Construction

Investigating the evolutionary relationships among the putative genes/gene products and the
well-annotated ones would allow the assignment of function and structure to the unknown
genes/proteins. Phylogenetic trees are used to visualize the inferred evolutionary relationships. The
use of alignment-based methodologies in phylogenetic tree construction is common and affects
tree structure formation with alignment parameters, including insertions, deletions, and gaps. The
methods for reconstructing phylogenetic trees are classified into two major categories, the distance-
based and the character-based (Benner, Bacak and Bourguignon 2014, Gonnet 2012).
2.2.3.2. Character-Based Methods of Phylogenetic Inference

Character-based methods such as maximum parsimony and maximum likelihood, which use
probability and considerable variation in a set of sequences, compare all sequences simultaneously,
consider one character (or column in an alignment) separately, and search for the tree that
accommodates best all of this information (Yang and Rannala 2012). They evaluate a subset of all
plausible trees, discarding those trees with a topology unlike to fit the observed data. Although
maximum parsimony and maximum likelihood approaches consider the tree that requires the least
number of changes to perform the alignment as the tree with the best score, the maximum
parsimony is adversely affected by long-branch attraction (i.e., sequences with no significant

similarity cluster together) and provides the least information about branch lengths

(Jager 2018).
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2.2.3.3. Distance-Based Methods of Phylogenetic Inference

Distance-based methods use the dissimilarity (the distance) between the two sequences to
construct trees. The computational intensity of these methods is less compared to the character-
based methods which are more accurate due to the consideration of evolution at specific sites (e.g.,
catalytic sites). The evolutionary distance matrix and the tree-building algorithm are components
of distance-based methods. The evolutionary distance matrix has the distance between pairs of
objects derived from a substitution model, and then a tree is constructed hierarchically from the

distance matrix (Jager 2018).

2.2.3.4. Bootstrap analysis

Bootstrapping is the most common approach to evaluate the reliability of the inferred
phylogenetic tree. In bootstrapping, the original dataset is randomly sampled by replacing the
columns of a multiple sequence alignment to generate multiple pseudo-datasets of the same size as
the original dataset (Soltis 2003). Some columns may be sampled more than once and others not at
all. Trees for each pseudo-dataset are constructed. In the generated consensus tree, the frequency
with which each node in the tree is reproduced is calculated. Bootstrap values depict the reliability
of particular branches in the phylogenetic tree, where values above 70% for any given node provide
95% confidence that the grouping is reliable. In this study, bootstrap analysis was conducted to

evaluate the statistical significance of the reconstructed trees.

2.2.4. Database Construction

Structured Query Language (SQL), one of the databases managing language (ANSI:
American National Standards Institute), is used to perform database construction, deletion,
modifying rows such various operations (Sengupta and Dalkilic 2002). For this thesis, the database
was created to easily access, manage, and update the collection of the datasets. Microsoft SQL

Server Management Studio was used to manage the cancer database (https://www.microsoft.com/).

2.2.5. Natural Language Processing
Natural language processing (NLP) combines Artificial Intelligence (Al) and computational
linguistics to construct logical relations between human language and computers, so as to convert

large amounts of text documents into a form that can be processed and be suitable for further
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analysis. This thesis focused on establishing semantic relationships among the top ranking 50
similar words implicated in keratins and cancer for each member of the KRT gene family through

biomedical literature mining, with the application of NLP methods (Lou, et al. 2019).

Al

ML

NLP
DL

CL

Figure 3: The scheme depicts the association of artificial intelligence (Al), natural language
processing (NLP), machine learning (ML), deep learning (DL) and computational linguistics
(CL).
2.2.5.1. Tokenization

Tokenization is a method of dividing a text document into smaller units called tokens to be
able to recognize the entities. Tokens can consist of one word or more or can be characters or sub-
words (Garat and Wonsever 2019).

2.2.5.2. Stop words

Stop words typically apply to the most frequent words in a language; there is no one
standardized stop word list used by all the natural language processing tools. Removing stop words
in Named entity recognition (NER) (Zhang and Elhadad 2013), categorizing and extraction of key

entity, increases the performance rate and affects the ranking, and thus stop words are generally
omitted from the datasets.

2.2.5.3. Stemming
Stemming algorithms work by meaningfully trimming inflectional groups at the end or

beginning of a word, considering a list of common suffixes in a word to reach a common base word
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form. The indiscriminate segment of data preparation is successful most of the time but not always.

Therefore, finding the root of words through lemmatization becomes important (Sugumar 2018).

2.2.5.4. Lemmatization

As opposed to stemming, lemmatization takes into account the morphological analysis of
words. In order to analyze words morphologically, it is necessary to have detailed dictionaries that
the algorithm can utilize. In the natural language processing libraries, stemming algorithms are
used in conjunction with lemmatization algorithms to obtain more accurate results (Arora and
Kansal 2019).
2.2.5.5. Word embeddings

Word Embeddings are considered the most popular learned representation methods for text,
where words have the same meaning in a numerical manner. Word2Vec is one Natural Language
Processing system that uses neural networks in order to create a distributed word representations
in a corpus (Wu, et al. 2019).

A continuous Bag of Words (CBOW), one of the word representation language model
architectures, was constructed, which forms a new text vector representation. Word2Vec training

methods include CBOW as a parameter to learn text features in a more effective way (Liu 2018).
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3. MATERIALS AND METHODOLOGY

3.1.  Type of the Study
This study was conducted based on computational methods.

3.2.  Time and Place of the Study

This study was conducted in Izmir Biomedicine and Genome Institute from December 2020
to May 2022.

3.3. Materials and Methods of the Study

In this thesis, < Protein sequences were
collected from the:

National Center for Biotechnology Information (NCBI) RefSeq

[https://www.ncbi.nlm.nih.gov/refseq/].

ENSEMBL [(http://www.ensembl.org/].

UniProt KnowledgeBase (UniProtKB) (https://www.uniprot.org/uniprot/).

* RNA sequencing (RNA-Seq) gene expression data for tumor and corresponding normal
tissue samples from the TCGA (The Cancer Genome Atlas) and GTEXx (Genotype- Tissue
Expression) databases, respectively, were downloaded from the GEPIA2 (Gene
Expression Profiling Interactive Analysis) online web server (Tang et al. 2019)

(http://gepia2.cancer-pku.cn/).

* The gene/protein associations were retrieved from STRING (Search Tool for the

Retrieval of Interacting Genes) (Szklarczyk et al. 2017) (https://string-db.org/).

» Articles were collected from the scientific literature database MEDLINE/PubMed
(https://pubmed.ncbi.nlm.nih.gov/) for the analysis of word embeddings for semantic
relationship inference.

3.4.  Variables of the Study
The variables of this study are: tumor samples and corresponding normal tissue samples
obtained from the TCGA and GTEXx databases, respectively; protein sequences collected from
21
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NCBI RefSeq (O’Leary et al. 2016), ENSEMBL (Zerbino et al. 2018), UniProtKB (UniProt
Consortium 2018); articles collected from the scientific literature database MEDLINE/PubMed

(https://pubmed.ncbi.nlm.nih.gov/) for the analysis of word embeddings for semantic relationship

inference.

3.5.

3.6.

Programming Languages and Tools for Data Processing
Programming languages and software are list below:

R programming language analyses (http://www.r-project.org/) (differential gene
expression analysis and visualization)

Python programming language (https://www.python.org/) (natural language
processing, phylogenetic analysis, sequence alignment, data collection and processing,
import data to SQL server)

MSSQL (cancer database construction)

Bash scripting (multiple sequence alignment, data collection and processing)
Cytoscape (https://cytoscape.org/) (visualization of semantic relation networks,
protein-protein interaction network and gene-cancer network)

NCBI (https://www.ncbi.nIm.nih.gov/) online tools (BLASTP, TBLASTN)

STRING (https://string-db.org/) (Protein-Protein Interaction)

ENSEMBL (http://www.ensembl.org/) (Genome Browser)

Software  package MEGA (https://www.megasoftware.net/)  version
10. 1

(phylogenetic tree construction)

iTOL (https://itol.embl.de/) online (phylogenetic tree visualization)

Research plan and timeline
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Type | KRT gene family

» Sequence data collection

* Cross-Genome Search for

Orthologs
* Phylogenetic analysis

December-May 2020

Type Il KRT gene family

» Sequence data collection

* Cross-Genome Search for

Orthologs
* Phylogenetic analysis

May-June 2021

Cancer Database Construction

Differential Gene Expression Analysis

Protein-Protein Interaction Network
Analysis

Natural Language Processing of Keratins

May-2021 March 2022

3.7. Phylogenetic Tree Construction

Phylogenetic trees were constructed in order to infer and visualize phylogenetic relationships.

The overall procedure consists of two major steps, homologs search and phylogenetic inference,

which are further divided into six major substeps described below.
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Figure 4: Graphical representation of the workflow for phylogenetic inference.
3.7.1. Database Searching

Approved symbols and names of keratins were retrieved from the HUGO Gene
Nomenclature Committee (HGNC) database (https://www.genenames.org/; (Bruford et al. 2008))

(Table 3). The symbols were used to retrieve well-annotated gene/protein sequences.

Table 3: HGNC IDs, approved symbols, names, and synonyms for Type | KRT genes.

HGNC ID (gene) Approved symbol Approved name  Previous symbols Aliases
6412 KRT1 keratin 1 EHK1 KRT1A
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6439
6440
6441
6442
6443

6444
20406

6445

6446

28927

28932

28928
28929

24431
24430

20411
28926
28930
27056
6458

6459
6460
6461
6462
6463
28695

KRT2
KRT3
KRT4
KRT5
KRT6A

KRT6B
KRT6C
KRT7
KRT8

KRT71

KRT72

KRT73
KRT74

KRT75
KRT76

KRT77
KRT78
KRT79
KRT80
KRT81

KRT82
KRT83
KRT84
KRT85
KRT86
KRT222

keratin 2
keratin 3
keratin 4
keratin 5

keratin 6A

keratin 6B
keratin 6C
keratin 7

keratin 8

keratin 71

keratin 72

keratin 73
keratin 74

keratin 75
keratin 76

keratin 77
keratin 78
keratin 79
keratin 80
keratin 81

keratin 82
keratin 83
keratin 84
keratin 85
keratin 86
keratin 222

KRT2A KRTE
CK3, K3
CYK4 CK4, K4
EBS2 KRT5A

KRT6C, KRT6D CK6C, K6C, CK6D, K6D

KRTL1
KRT6E
K7, CK7, K2C7, SCL
CARD2, K8, CK8, CYKS,
K2C8, KO
KRT6IRS, KRT6IRS1,
K6IRS1
K6IRS2, KRT6IRS2, KRT6,
Ke6irs
KRT6IRS3, K6IRS3
K6IRS4, KRT5C, KRT6IRS4
K6HF
HUMCYT2A, KRT2B,
KRT2P
KRT1B
K5B
K6L, KRT6L
KB20
KRTHB1 Hb-1
KRTHB2 Hb-2
KRTHB3 Hb-3
KRTHB4 Hb-4
KRTHB5 Hb-5
KRTHB6 MNX, Hb6
KRT222P KA21, MGC45562
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Table 4: HGNC IDs, approved symbols, names, and synonyms for type Il KRT genes.

HGNC ID
(gene)
6447
6413
6414
6415

6416
6421

6423
6427
6430
6436
20412

6438

18527

30839
30840
30841
30842
6448
6449
6450

6451
6452
6453
6454
6455
6456

Approved
symbol
KRT9
KRT10
KRT12
KRT13

KRT14
KRT15

KRT16
KRT17
KRT18
KRT19
KRT20

KRT23

KRT24

KRT25
KRT26
KRT27
KRT28
KRT31
KRT32
KRT33A

KRT33B
KRT34
KRT35
KRT36
KRT37
KRT38

Approved
name
keratin 9
keratin 10
keratin 12
keratin 13

keratin 14
keratin 15

keratin 16
keratin 17
keratin 18
keratin 19
keratin 20

keratin 23

keratin 24

keratin 25
keratin 26
keratin 27
keratin 28
keratin 31
keratin 32
keratin 33A

keratin 33B
keratin 34
keratin 35
keratin 36
keratin 37
keratin 38

Previous Aliases
symbols
EPPK, K9, CK-9
KPP K10, CK10
K12

K13, CK13, MGC3781, MGC161462

EBS3, EBS4
K15, CK15, K1CO
NEPPK
PCHC1
K19, CK19, K1CS, MGC15366
CK20, K20, MGC35423
K23, DKFZP434G032, HAIK1, CK23,
MGC26158
FLJ20261, MGC138169, MGC138173

KRT25A

KRT25B

KRT25C

KRT25D

KRTHAL Ha-1

KRTHA2 Ha-2
KRTHA3A Ha-3I, Krt1-3
KRTHA3B Ha-3l1

KRTHA4 Ha-4

KRTHAS Ha-5

KRTHAG

KRTHA7

KRTHAS8



32971 KRT39 keratin 39 KA35
26707 KRT40 keratin 40 FLJ36600, KA36

3.7.2. Retrieval of Annotated Sequences
The databases for acquiring the corresponding sequences of the most well-annotated protein-

coding genes, with experimentally verified biological function or resolved protein tertiary structure

were:

* NCBI's RefSeq (O’Leary et al. 2016), which provides manually annotated, non-
redundant sequences with expert annotation,

* ENSEMBL (Zerbino et al. 2018), which contains eukaryotic genomes,

* UniProtkKB (UniProt Consortium 2018), which is the most comprehensive,

centralized repository of non-redundant, manually curated protein sequences

The protein sequences are more evolutionarily conserved than their corresponding nucleotide
sequences. For this reason, in our comparative genomics and phylogenetic analyses, only proteins
encoded by the jaw-indispensable genes (JIGs) and keratin genes were used.

The corresponding protein sequences of the most well-annotated protein-coding KRT genes were
retrieved from NCBI’s RefSeq; to obtain the corresponding protein sequence accession numbers,
Python Entrez (Buchmann and Holmes 2019), Regex (Regular expressions, called regex patterns)
library (van Rossum and Drake Jr 1995) was utilized (Script 1).

The 253 human JIG symbols are listed in the table in Addenda 8.2 were used initially to
retrieve the corresponding, well-annotated, gnathostome (Homo sapiens, Mus musculus, Gallus
gallus, Xenopus laevis, Danio rerio and Callorhinchus milii) protein sequences from the publicly

available non-redundant sequence database NCBI RefSeq (O’Leary et al. 2016).

Script 1.1. was used to import required libraries (re, urlib, time, csv, json, glob (van Rossum and

Drake Jr 1995) and Bio (Cock et al. 2009)) and to open a session and send a request to NCBI.

Script 1
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Script 1.1.
# Importing required libraries
Entrez.email = “isiltakan@gmail.com”
# To increase API limits, turn to uncomment the below line and write your own API key.
# Entrez.api_key = ‘your api_key’
requests.packages.urllib3.disable_warnings(category=InsecureRequestWarning)
# Hyperparameters used on the website
headers = {**the hyperparameters was removed due to the attribute of temporariness of this
section’}
# Definitions required to open the session
def init():
ch = requests.Session()
adapter = requests.adapters.HTTPAdapter(max_retries=30)
ch.mount(‘https://°, adapter) ch.mount(‘http://’, adapter)
cookies =  requests.utils.cookiejar_from_dict(requests.utils.dict_from_cookiejar(ch.cookies))
return [ch, cookies]
# An http function created not to crowd try-except
blocks def cli(addr, ch=None, cookies=None): try:
grab = ch.get(addr, headers=headers, cookies=cookies, timeout=200, verify=False, allow_redirects=F
alse) except:
time.sleep(10) ch,
cookies = init()
grab = ch.get(addr, headers=headers, cookies=cookies, timeout=200, verify=False, allow_redirects=F
alse) return
grab

Sequences were fetched using Entrez from BioPython (Buchmann and Holmes 2019; Cock
et al. 2009). The search function was used to obtain well annotated RefSeq protein accession codes
(Script 1.2.).

|Script 1.2.
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# Get refseq from search term def
search(term, ch=None, cookies=None):
# regex pattern
pattern = r”’<a href=\"https://www.ncbi.nlm.nih.gov/protein/(.*?)\”
id=\"more_refseqproteins\"”
grab = cli(“https://www.ncbi.nlm.nih.gov/protein/?term=" + urlencode(term),
ch, cookies)
grab = grab.text
grab = re.findall(pattern, grab) # scrape ids if
grab:
return (grab[0].split(‘,”))[0] # return idlist and count
else: return
‘None’

# Download sequences using ID def

download(id, x):
handle = Entrez.efetch(db="protein’, id=id, 29etype="fasta’,
retmode="text’) f = open(‘%s.txt’ % x, ‘w’) f.write(handle.read())
handle.close() f.close()

The main function of the Script 1 was used to implement the defined functions download and
search to collect accession IDs for ‘Bos taurus’, ‘Gallus gallus’, ‘Homo sapiens’, ‘Canis lupus

familiaris’, ‘Pan troglodytes’, ‘Macaca mulatta’, ‘Sus scrofa’, ‘Rattus norvegicus’,
9 b 9

‘Xenopus laevis’ (Script 1.3.).

|Script 1.3.
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# Search ids def
main(genes, species): ids
= [] ch, cookies = init()
for gene in genes:

RefSeqlID = gene + ' ' + species x

= search(RefSeqID, ch, cookies) if

X is not None:

ids.append(gene + ;' + X)
else:
ids.append(gene + ;' + 'None’)
with open(‘ids_%os.txt' % species, 'w') as f:

f.write(\n'.join(ids))

f.close()
genes=[KRT1', 'KRT2', 'KRT3', 'KRT4', 'KRT5', 'KRT6A', 'KRT6B', 'KRT6C', 'KRT7', 'KRT8', 'KRT71,
'KRT72', 'KRT73', 'KRT74','KRT75', 'KRT76', 'KRT77','KRT78', 'KRT79', 'KRT80', 'KRT81', 'KRT82', '
KRT83', 'KRT84', 'KRT85', 'KRT86', ' KRT222', 'KRTY', 'KRT10', 'KRT12', 'KRT13', 'KRT14', 'KRT15","
KRT16', 'KRT17', 'KRT18', 'KRT19', 'KRT20', 'KRT23', 'KRT24', 'KRT25', 'KRT26', 'KRT27', 'KRT28', "
KRT31', 'KRT32', 'KRT33A', 'KRT33B', 'KRT34', 'KRT35', 'KRT36', 'KRT37', 'KRT38', 'KRT39', 'KRT4
01]
species = ['Bos taurus', 'Gallus gallus', 'Homo sapiens', 'Canis lupus familiaris', 'Pan troglodytes', 'Macaca
mulatta’, 'Sus scrofa’, 'Rattus norvegicus', "Xenopus laevis']

# main function for all
species for sp in species:
main(genes, sp)

3.7.3. Cross-Genome Search for Orthologs

The well-annotated gene/protein sequences were used to search for corresponding homologs
in the databases ENSEMBL (Zerbino et al. 2018), NCBI's GenBank (Benson et al. 2017) and
UniProtkKB (UniProt Consortium 2018), as well as species-specific genome sequence databases
(van Dijk 2017) in an iterative manner until convergence, that is, no novel putative sequences could
be detected, by employing reciprocal BLASTP and TBLASTN (Altschul et al. 1990) for both

30



keratins and JIGs. The Translate program (http://web.expasy.org/translate/) was utilized to translate

any nucleotide sequences into amino acid sequences.

In order to identify the ‘true orthologs’ of each jaw-indispensable gene/protein (Addenda
8.2), phylogenetic trees (a total of 253) of the homologous, gnathostome and agnathan, protein
sequences were constructed. To select the appropriate outgroup for each ortholog (Table 1), the
corresponding H. sapiens and M. musculus protein sequences were used as seeds in a BLASTP
search (with default parameters) to identify the most closely related human and mouse sequence,
respectively (shown as the best ‘hit’ in the BLAST output).

3.7.4. Pre-processing of Extracted Sequences
3.7.4.1. Merging Accession Numbers

After the sequence accession numbers were obtained separately, all sequence IDs that
correspond to different KRT proteins were merged using Script 2. Pandas (McKinney et al. 2010)

and its functions were used to process those IDs.

Script 2

# merge all IDS

# Importing required libraries

# File path path = "PATH/fileName*.txt"
files =[]

for filename in glob.glob(path):

files.append(filename)
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frames =[] cnt
=0

for file in files: f _name =
" '.join(os.path.basename(file).split('_"[1].split(".)[0].split(' "))
dfall = pd.read_csv(file, sep=";', names=['genes’, f_name])
ifcnt==0:
frames.append(dfall)
else:
frames.append(dfall[f_name])

cnt+=1

df = pd.concat(frames, axis=1) df.to_csv('fileName.csv',
sep=";',index=False)

3.7.4.2. Merging File Content and Downloading Sequences
After the corresponding KRT protein sequences were downloaded with the Script 1 download

function, the sequences were merged using Script 3.

Script 3

# Merge file content

# Importing required libraries

path = "PATH/fileName *.txt"

type_1 seqs =temp_1=""type_2_seqs

=temp_2=""

type_2 = [KRT1', 'KRT2, 'KRT3', 'KRT4, 'KRTS', 'KRT6A', 'KRT6B', 'KRT6C', 'KRT7', 'KRT8', 'KRT7
1, 'KRT72', 'KRT73, 'KRT74', 'KRT75', 'KRT76", 'KRT77','KRT78', 'KRT79', 'KRT80', 'KRT81', 'KRT8
2','KRT83', 'KRT84', 'KRT85', 'KRT86']
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type_1=[KRT222','KRT9, 'KRT10, 'KRT12', 'KRT13', 'KRT14', 'KRT15', 'KRT16', ' KRT17', 'KRT18
'KRT19', 'KRT20', 'KRT23', 'KRT24', 'KRT25', 'KRT26', 'KRT27', 'KRT28', 'KRT31', 'KRT32', 'KRT33A'
, 'KRT33B', 'KRT34', 'KRT35', 'KRT36', 'KRT37', 'KRT38', 'KRT39', 'KRT401]

for filename in glob.glob(path):
with open(filename) as f:
if f name in type 1:
type_1 segs = f.read()
type_1 segs += "\n"
temp_1+=type_1 seqs
if f_name in type_2:
type_2_seqs = f.read()
type_2_seqs +="\n" temp_2 +=
type_2 segs all =temp_1 + "\n" +
temp_2

with open (type_1 KRTs.txt', 'w") as fp:
fp.write(temp_1)

with open (‘type_2_KRTs.txt', 'w') as fp:
fp.write(temp_2)

For obtaining orthologous sequences from the agnatha genera under study (Petromyzon,
Branchiostoma, Ciona, Strongylocentrotus and Hydra), the retrieved gnathostome sequences were
used as probes to iteratively search the agnathan genomes available in NCBI RefSeq and GenBank
(Benson et al. 2017), by applying reciprocal BLASTP and BLASTN (Altschul et al.
1990b) with default parameters; Script 4 was employed:

Script 4

# Importing required libraries
Entrez.email = "isiltakan@gmail.com "
# To increase API limits, turn to uncomment the below line and write your own API key.

# Entrez.api_key = 'your_api_key'
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requests.packages.urllib3.disable_warnings(category=InsecureRequestWarning)

# Hyperparameters used on the website
headers = {**the hyperparameters was removed due to the attribute of temporariness of this

section}

# Definitions required to open the session def init():

ch = requests.Session() adapter = requests.adapters.HTTPAdapter(max_retries=30) ch.mount('https://',
adapter)

ch.mount(‘http://', adapter)

cookies = requests.utils.cookiejar_from_dict(requests.utils.dict_from_cookiejar(ch.cookies))

return [ch, cookies]

# An http function created not to crowd try-except blocks def cli(addr, ch=None, cookies=None): try:

grab =  ch.get(addr, headers=headers, cookies=cookies,  timeout=200, verify=False,
allow_redirects=False) # nchi for scraping refseq

except:

time.sleep(10) ch, cookies = init()

grab = ch.get(addr, headers=headers, cookies=cookies,  timeout=200, verify=False,

allow_redirects=False) # ncbi for scraping refseq

return grab
# Get refseq from search term def search(term, ch=None, cookies=None):

# regex pattern
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pattern = r"'<a href=\"https://www.ncbi.nlm.nih.gov/protein/(.*?)\"" id=\"more_refseqproteins\"" grab =
cli(https://www.ncbi.nlm.nih.gov/protein/?term=" + urlencode(term), ch, cookies) grab = grab.text
grab = re.findall(pattern, grab) # scrape ids if grab: return (grab[0].split(","))[0] # return idlist and count
else:

return 'None'

# Download sequences by ID def d_1D(id, x):
handle = Entrez.efetch(db="protein’, id=id, rettype="fasta’, retmode="text’) f = open('%s.txt' % X, 'w')
f.write(handle.read()) handle.close() f.close()

# search ids for Blast def main(genes, species):

idsForBlast = [] idsForExcel = [] ch, cookies = init() for gene in genes:

RefSeqlID = gene + "' + species x = search(RefSeqID, ch, cookies) if x is not None:
idsForBlast.append(X) idsForExcel.append(gene + ;' + X)

else:

idsForExcel.append(gene + ;' + 'None")

with open(‘idsForBlast.txt', 'w'") as f:

f.write('\n'.join(idsForBlast))

35


http://www.ncbi.nlm.nih.gov/protein/(
http://www.ncbi.nlm.nih.gov/protein/(
http://www.ncbi.nlm.nih.gov/protein/?term=%27
http://www.ncbi.nlm.nih.gov/protein/?term=%27

f.close()

with open(‘idsForExcel.txt', 'w") as f:
f.write('\n'.join(idsForExcel))

f.close()

genes = [DCTN5', 'DHRS3', 'DISP1’, 'DLG1', 'DNAH11','DNAH5', 'DNAIL, 'DPH1', 'DRC1', 'ECEL’,

'E

GR2', 'EPS8L3,EYAL', 'FAM20C', 'FBLN1', 'FGFRL1', 'FLVCRI', 'FOXC1I', 'FOXC2', 'FOXH]1,,

'FOXI

3, 'FUZ', 'GADL', 'GLG1''GREMZ2', 'GSC', 'HAND1', 'HANDZ2', 'HAPLNLI', HAT1', 'HHAT', 'HIPK2',

'H OXA2', 'HOXA3, 'IDUA', 'IFITMS5"IFT140", 'IFT27", 'IKBKAP', 'IRF6', 'JAGL', 'JAG2', 'KAT14,

'KAT6

A', 'KAT6B', 'LIMK2', 'LMNA', 'LOXL3'/LPAR4’, 'LRRKL', 'LTBP1', 'LTBP3', 'MAP3K7', 'MAUZ,

'ME

CP2', 'MEGF8', 'MMP14', 'NABP2', 'NDST1', 'NFATC1'/NFIC', 'NIPBL', 'NPR2', 'OTULIN', 'OTX2,,

P

APPA2', PCSK6', 'PDGFRB', 'PDPK1', 'PDS5B', 'PDSS2', 'PGAP1,PHEX', PIGV', PITX1', 'PKD1,,
'PK DCC', 'PLXND1', 'POU3F3','PRDM16', 'PRKRA’, PRRX1', PTH1R', PTHLH!,

'PTK7', 'RFNG', 'ROR2', 'RPGRIP1L', 'RSPO2', 'RYK', 'SC5D', 'SETD5', 'SH3BP2', 'SIRT1, 'SIX1,,

'SLC

25A21'/SLC26A2', 'SLC27A4', 'SLC39A13', 'SMAD2, 'SMG1', 'SMOC1', 'SOSTDC1', 'SRF', TBX1,,

T

BX15', 'TCOF1', TFAP2A', TGFBRZ', 'TIPARP', TNFSF11', 'TRPS1, TTC28' 'VPS25', 'WDR19'

XYL

T1','YBX1','’ZMPSTE24' ' ZNF366','ACVR1','ACVR2A','ALKBHL', '"ALX1','AMBN','"AMELY", 'AN

KH', 'APC', 'ARID5B', 'ARSB', 'ASXL1'ATMIN', 'ATR', 'BAZ1B', 'BCL11B', 'BNC2', 'BRD4,

'C50rf42"

,'CACNALS', 'CASK', 'CCDC39', 'CEP290', 'CHD1','CHRD", 'CHST11', 'CHUK', 'CNBP', 'COL11A1’,
'C OL1AL','COL27A1', 'COL2AL', 'CREBBP','CTNNBIP1', 'CTSK'/CYP26B1','CYP51AL',
'DAAM2', 'D
KK1', 'DLX2, 'DLX5', 'DLX6', 'FIGN', 'FOXD3, 'FOXF2', 'FRAS1'’KCNJ2, 'KDM4B', 'MMP21",

'MNT'
, 'MSX1', 'MYH10, 'NOG', 'OSTM1', 'PAKLIP1, 'PAX1', 'PAX3, 'PAX6', 'PAXT7''PAXY, PFAS',
PITX
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2','POSTN', 'ROBO1', 'SATB2', 'SCHIP1', 'SH3PXD2B', 'SKI', TMEMG67', TNFRSF11B', TWSG11]

species = ['Mus musculus', 'Danio rerio’, '‘Gallus gallus', 'Homo sapiens', ‘Callorhinchus milli’, "Xenopus la
evis',
'Hydra vulgaris', 'Strongylocentrotus purpuratus', 'Branchiostoma floridae', ‘Ciona intestinalis', '‘Petromyzon

marinus']
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main(genes, 'Homo sapiens’)
R R R R R R R

# Processing the results found using the online blast tool ###H#######
# Download all results as multiple json files

# Get best hits

ids =[]

for spe in species:
files = glob.glob(‘jsonFiles/ + spe + '/*.json")[0] ids.append(files.split(.)[0] + ')

for ct in range(len(species)):
sp = species[ct] p =[] for i in range(189):
with open('%s%s.json' % (ids[ct], str(i + 1)), 'r") as f:
a = json.load(f) x = {'q_id": a['BlastOutput2']['report’]['results’]['search’]['query_idT],
'_title": a['BlastOutput2]['report]['results]['search’]['query_title]} if
len(a['BlastOutput2']['report’]['results]['search’]['hits"):
x[title] = a['BlastOutput2]['report]['results]['search’]['hits'][0]['description][O]['title] x[id] =
a['BlastOutput2']['report’]['results]['search’]['hits'][0]['description][0]['id"]
else:
for n in range(len(p)):
if p[n]['q_id"] == x['q_id]:
x=p[n]
else:
x['title] = 'None' x['id"] = 'None'
p.append(x)
with open(’json_species/%s.json’ % sp, ‘w') as fs:

fs.write(json.dumps(p)) fs.close()




inputFile = open('json_species/%s.json' % sp) # open json file outputFile = open(‘csv_species/%s.csv'
% sp, 'W', newline=") # load csv file data = json.load(inputFile) # load json content inputFile.close() #
close the input file output = csv.writer(outputFile) # create a csv.write

output.writerow(list(data[0].keys())) # header row refs =[]

for row in data: row = list(row.values()) if len(row) > 3:

if row[3] = None or row[3] !="None": if not 'pdb’ in row[3]: refid = re.findall(\|(.*)\|', row[3]) if len(refid)
>0:

row[3] = str(refid[0])

refs.append(row[3])

else:

refs.append('None")

output.writerow(row) # values row

with open('ids/%s.csv' % sp, 'w', newline=") as f:

writer = csv.writer(f) writer.writerow([sp]) for ref in refs:

writer.writerow([ref])

# Merge all csv files

# After control, the results by manually#HEHHHHHHHEHHEHEHHAAHEHRAA dict = {3

with open('IDsTheAll', 'r', encoding='utf-8') as f:

f = f.read() rows = f.split("\n’) for r in rows:
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rowlnrows = r.split(’,") if
rowlnrows[0] ="
dict[rowlnrows[0]] =[] for
i in rowlnrows[1:]:
ifi!'="None'andi!=":

dict[rowlInrows[0]].append(i)

for gene in genes:
d_ID(dict[gene], gene)

3.7.5. Multiple Sequence Alignment

Alignment of the full-length KRT amino acid sequences was performed using bash Script 5
with the MUSCLE (https://www.ebi.ac.uk/Tools/msa/muscle/) multiple sequence alignment
(MSA) tool. The amino acid sequences of the homologous jaw indispensable proteins were aligned
using Clustal Omega (https://www.ebi.ac.uk/Tools/msa/clustalo/), version 1.2.4 (Sievers et al.
2011).

Script 5

files=('type_1_KRTs 'type_2_KRTS")

for i in ${files[@]} do muscle -in /PATH/"$i".txt -out
[PATH/OUTPUT/"$i"_fin.aln -clwstrict done

3.7.6. Phylogenetic Inference
Phylogenetic inference based on the trimmed multiply aligned KRTs was conducted, through
phylogenetic tree construction’ by employing neighbor-joining (NJ) and maximum- likelihood

(ML) methods. The robustness of the inferred phylogenetic trees was evaluated by bootstrapping
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(100 bootstrap pseudo-replicates). NJ trees were constructed using Python script (Script 6),

whereas ML trees were constructed using the software package MEGA version 10. 1.

(Kumar et al. 2018) for the phylogenetic inference of keratins.

The aligned sequences of the homologous jaw indispensable proteins were provided as input
to the software package MEGA version 10. 1 (Kumar et al. 2018) in order to perform phylogenetic
analyses, by employing a neighbor-joining (NJ) and maximum likelihood (ML) method. Only those
agnathan sequences that clustered with the known gnathostome sequences under study were

considered as ‘true orthologs’ (Table 2).

3.7.6.1. Neighbor Joining Tree

Distance-based methods involve agglomerative hierarchical clustering, where a distance
matrix of pairwise scores for all the aligned sequences are employed to generate a phylogenetic
tree (Gascuel 1997). Python script 6 was implemented for NJ tree construction, and the required
libraries (glob, os, re, Bio (Cock et al. 2009), matplotlib (Hunter 2007), seaborn (Waskom et al.
2017), NumPy (Harris et al. 2020)) were imported. Using AlignlO, aligned sequences (Script 5)
were imported by Script 6.1.

Script 6

Script 6.1.

# Importing required libraries
# Reading aligned sequences
files_aln = ['FileName'] path
= 'PATH/FileName' for f in
files_aln:

fin = path + f + ' fin'+ "aln' aln =
AlignlO.read(open(fin), "clustal™)

NJ trees were constructed using the Bio.Phylo.TreeConstruction module.
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The module Phylo from Bio (Cock et al. 2009) was used to obtain Newick and PhyloXML
trees. PhyloXML format was selected for storing the style of the phylogenetic trees. Bootstrap
analysis (n=100) was conducted to evaluate the statistical significance of the inferred trees. (Script
6.2)

Script 6.2.

calculator = DistanceCalculator(‘identity’)

dm = calculator.get_distance(aln) constructor

DistanceTreeConstructor(calculator)  trees

bootstrap_trees(aln, 100, constructor) s_tree

constructor.build_tree(aln) s_tree.rooted = True

tree = [] tree = list(trees) support tree
get_support(tree, tree) fig =
Phylo.draw(support_tree)
Phylo.write(support_tree, " PATH/FileName%s.xml" % f, "phyloxml")
Phylo.write(support_tree, " PATH/FileName/%s.nwk" % f, "newick")

Script 6.3 was utilized for phylogenetic tree visualization. Matplotlib (Hunter 2007) rc and
pyplot modules were applied to adjust figure parameters. Finally, the Phylo module was utilized to

retrieve the final trees.

Script 6.3.

dict_color = {} def

get_label_color(leaf):
dict_color[leaf.name] = 'red’
return dict_color

path2 =" PATH/FileName/"
for fin files_aln:

42






base = path2 + f fin = base +'_bs.xml' newi = base +'_bs.nwk'

support_tree = Phylo.read(fin, "phyloxml*) fig = Phylo.draw(support_tree) fig
plt.figure(figsize=(30,50), dpi=300) matplotlib.rc(‘font’, size=10, 'lines’, linewidth=1, color="darkgrey
matplotlib.rcParams['text.color] = 'red'

colorsL
{"KRT13":"#24CACB","KRT2":"#520D3C","KRT3":"#502257" "KRT4":"#FDA19D","KRT5"

"#65F099" "KRTOA":"#7671A2",
"KRT6B":"#AF40B2","KRT6C":"#20A95A","KRT7":"#14D1C8","KRT8":"#581E03",
"KRT71":"#53768C","KRT72":"#9927E9", "KRT73":"#CC5BAE","KRT74":"#64272E",
"KRT75":"#65915F","KRT76":"#605122", "KRT77":"#216F36","KRT78":"#54F22D",
"KRT79":"#FB8649","KRT80":"#4B5235", "KRT81":"#91E506","KRT82":"#8BFD05",
"KRT83":"#2B1A4E","KRT84":"#6FBBB6", "KRT85":"#DF1762","KRT86":"#2A03BC",
"KRT222":"#8DCAF8","KRT9":"#EC48B2", "KRT10":"#C9F54D","KRT12":"#CF5EBE",
"KRT1":"#238ACC","KRT14":"#3C8539", "KRT15":"#07A2C5","KRT16":"#73BB8C",
"KRT17":"#8BEAAA","KRT18":"#2DB304", "KRT19":"#BE1CAE","KRT20":"#EE3C8F",
"KRT23":"#69D565","KRT24":"#F3B98F", "KRT25":"#D9DA39","KRT26":"#FC581A",
"KRT27":"#0D78EE","KRT28":"#8A6CEE", "KRT31":"#3A8EC7","KRT32":"#B0O7EF3",
"KRT33A":"#F63302","KRT33B":"#9A9F86",

~—

44



"KRT34":"#18B2FB","KRT35":"#2BD3C8","KRT36":"#7347FD","KRT37":"#AB71CC","KRT38"

70242" "KRT39":"#310304","KRT40":"#AEBF02"} axes = fig.add_subplot(1,1,1) plt.axis('off')
support_tree.root.color = (128, 128, 128) for k,clade in enumerate(support_tree.find_clades()):
if 'Inner' in clade.name:
clade.color = 'grey’
else: clname = clade.name.split('|)[0] try:
clade.color = colorsL[cIname]
except:
clade.color = 'grey'
clade.width =1
for n in support_tree.get_terminals():
n.name = ( (n.name).split(|)[1] + ' " + (n.name).split(|')[0] ) def
labelColor(label):
if (Ien(str(label).strip()) > 0): geneName =
str(label).split(" [1].strip() if
(geneName in colorsL):
return colorsL[geneName] return
'red’
else:
return ‘black’

Phylo.draw( support_tree, label_func = lambda x:"" if 'Inner' in x.name else X, axes=axes,
label_colors = labelColor )

MHA

3.7.6.2. Maximum-likelihood Tree

Maximum-likelihood methods determine the tree topology and branch lengths that have the

maximum likelihood of producing the observed data (Guindon et al. 2009). The maximum

likelihood-based trees were inferred using the MEGA software package version 10. 1 (Kumar et

al. 2018).

3.8.  Differential Gene Expression Patterns

RNA sequencing (RNA-Seq) gene expression data for tumor and corresponding normal

tissue samples from the TCGA and GTEx databases, respectively, were downloaded from the
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GEPIA2 (Gene Expression Profiling Interactive Analysis) online web server (Tang et al. 2019)
(http://gepia2.cancer-pku.cn/).

Bash script was used to manipulate the content of the dataset stored to create the cancer

database.

The differentially expressed KRT genes between tumor and normal samples were identified
using one-way analysis of variance (ANOVA), by setting the cut-off value for absolute log fold
change [log2FC| > 2 and FDR-adjusted p-value < 0.05. KRT genes and their corresponding values
were stored in JSON format (Addenda 8.1).

In order to visualize the differentially expressed genes (DEGs) between tumor and

corresponding normal tissue samples, an R script was implemented.

The interactions between the different types of cancers and the DEGs were used to generate
a network which was manipulated and visualized by Cytoscape (http://www.cytoscape.org/;
(Shannon et al. 2003)).

3.9. Cancer Database Construction
A cancer database was constructed based on the data downloaded from GEPIA2 to easily
access, manage, and update the collection of the datasets, by utilizing MSSQL. This database has

also been used for other research (Theofylaktou et al. 2021).

o m —
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Figure 5: ER Diagram

The ER (entity relationship) diagram (figure 5) shows the database structure, and its table

content. Table Scripts were implemented to create the tables of the database.

Table Scripts

USE [cancer_database]
GO

[****** Qbject: Table [dbo].[genes] ******/

SET ANSI_NULLS ON
GO
SET QUOTED_IDENTIFIER ON
GO
CREATE TABLE [dbo].[genes](
[id] [int] IDENTITY(1,1) NOT NULL,
[gene_name] [varchar](50) NOT NULL,
UNIQUE NONCLUSTERED
( [gene_name] ASC
)WITH (PAD_INDEX = OFF, STATISTICS_NORECOMPUTE = OFF, IGNORE_DUP_KEY = OFF,
ALLOW_ROW_LOCKS = ON, ALLOW_PAGE_LOCKS = ON,
OPTIMIZE_FOR_SEQUENTIAL_KEY = OFF) ON [PRIMARY]
) ON [PRIMARY]
GO
USE [cancer_database]
GO
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[****** Qbject: Table [dbo].[ens_accessions] ******/

SET ANSI_NULLS ON

GO

SET QUOTED_IDENTIFIER ON

GO

CREATE TABLE [dbo].[ens_accessions](
[id] [int] IDENTITY(1,1) NOT NULL,
[ens_accession_id] [varchar](50) NOT NULL,
[gene_id] [int] NOT NULL,
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[cancer_id] [int] NOT NULL

) ON [PRIMARY]

GO

USE [cancer_database]

GO

[****** Qbject: Table [dbo].[cancers_genes] ******/

SET ANSI_NULLS ON

GO

SET QUOTED _IDENTIFIER ON

GO

CREATE TABLE [dbo].[cancers_genes](
[id] [int] IDENTITY(1,1) NOT NULL,
[cancer_id] [int] NOT NULL,
[gene_id] [int] NOT NULL,
[median_tumor] [float] NULL,
[median_normal] [float] NULL,
[logFC] [float] NULL,
[adjp] [float] NULL,
[ens_accession_id] [int] NOT NULL

) ON [PRIMARY]

GO

USE [cancer_database]

GO

[****** Qbject: Table [dbo].[cancer_types] ******/

SET ANSI_NULLS ON

GO

SET QUOTED_IDENTIFIER ON

GO

CREATE TABLE [dbo].[cancer_types](
[id] [int] IDENTITY(1,1) NOT NULL,
[cancer_type] [varchar](150) NOT NULL

) ON [PRIMARY]
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GO
USE [cancer_database]
GO

The data were appended to the sql table by using Python scripts (Python SQL Script 1 and
Python SQL Script 2).

Required libraries were imported (Python SQL Script 1: glob, os, pyodbc, function and Python
SQL Script 2: config, pandas)).

Also, the Pyodbc library was implemented to connect to SQL server for the cancer database in
Python SQL Script 1.

Python SOL Script 1

# Importing required libraries
# data directory project_path = os.path.dirname(os.path.abspath(_ file_)) + ‘/data/'
# Database connection conn =
pyodbc.connect('Driver={SQL Server};'
'Server=DESKTOP-2TUV3I4;'
'Database=cancerDatabase;’

Trusted_Connection=yes;")

Python SQL Script 2 was implemented to import the data attributes such as "gene_name",

"gene_id", "median_tumor", "median_normal”, "logFC", "adjp" into database.

Python SOL Script 2

# importing required libraries cursor =
conn.cursor() file_list =
glob.glob(project_path + "*.tsv') for file in
file_list:

cancer_name = grab_file_name(file)
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df = pd.read_csv(file, sep="\t") "logFC", "adjp"]
header = ["gene_name", "gene_id", "median_tumor"”, "median_normal",
for row in range(len(df)):
dicts = {} for head
in header:
if pd.isnull(df[head].iloc[row]) == True:
continue
else:
dicts[head] = df[head].iloc[row]

sgl_insert(cursor, cancer_name, dicts) conn.commit()

View_Script was created to obtain full information of all tables.

View_Script

[****** Qbject: View [dbo].[cancers_genes_wth_name] ******/
SET ANSI_NULLS ON

GO

SET QUOTED _IDENTIFIER ON GO

create view [dbo].[cancers_genes_wth_name] as

select g.gene_name, ct.cancer_type, cs.logFC

from cancers_genes cs, cancer_types ct, genes ¢

where cs.cancer_id=ct.id and cs.gene_id=g.id

GO

Finally, Query 1 was used to obtain the corresponding KRTSs, cancer types and their expression

status. Table 5 shows the query results.

\Query 1
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[FrFxHE FxAxEx ] select * from cancers_genes_wth_name

where gene_name in (
'KRTL, 'KRT2', 'KRT3', 'KRT4', 'KRT5S', 'KRT6A", 'KRT6B', 'KRT6C', 'KRT7', 'KRTS!,
'KRT71', 'KRT72','KRT73','KRT74', 'KRT75,'KRT76', 'KRT77', 'KRT78', 'KRT79', 'KRT80',
'KRT81', 'KRT82', 'KRT83', 'KRT84', 'KRT85', 'KRT86', 'KRT222', 'KRTY', 'KRT10', 'KRT12',
'KRT13', 'KRT14', 'KRT15', 'KRT16', 'KRT17', 'KRT18', 'KRT19', 'KRT20', 'KRT23', 'KRT24',
'KRT25', 'KRT26', 'KRT27', 'KRT28', 'KRT31', 'KRT32', 'KRT33A', KRT33B','KRT34''KRT35',
'KRT36', 'KRT37', 'KRT38', 'KRT39', 'KRT40'

)

Table 5: KRT genes, cancer types and gene expression status.

Gene name

TCGA cancer type

Status

KRT1

DLBC

ESCA

SKCM

Down

KRT10

SKCM

LAML

Down

THYM

Up

KRT13

LUSC

Up

UCEC

ucCs

LUAD

ESCA

HNSC

COAD

ACC

SKCM

STAD

TGCT

READ

PRAD

ov

Down

KRT14

SKCM

BRCA

Down

BLCA

LUSC

Up
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THYM

KRT15

THYM

LUSC

CESC

PAAD

Up

BRCA

SKCM

TGCT

ESCA

PRAD

Down

KRT16

SKCM

Down

PAAD

CESC

LUSC

Up

KRT17

LUSC

HNSC

ESCA

COAD

UCEC

BLCA

CESC

STAD

THYM

UCs

PAAD

ov

READ

Up

SKCM

TGCT

BRCA

Down

KRT18

KRT18

UCsS

THYM

UCEC

READ

oV

Up

TGCT

STAD

CESC

BRCA

COAD

ESCA

Up

SKCM
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LAML

KICH Down
KRT19 CESC
LUSC Up
COAD
THCA
TGCT
oVv
PAAD
READ
THYM
UCEC
KRT2 SKCM Down
READ
KRT20 COAD Up
LGG
KRT222 GBM Down
HNSC Down
DLBC Down
COAD Up
SKCM Down
KRT23 READ Up
PRAD Down
PAAD Up
oV Up
THYM Down
TGCT Down
UCEC Up
KRT24 ESCA Down
ESCA
KRT31 SKEM Down
KRT32 ESCA Down
KRT33A TGCT Down
ESCA
KRT4 HNSC Down
LUAD
LUSC
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THYM

CESC Up
KRT5 BRCA
SKCM Down
ESCA
SKCM Down
KRT6A THYM
PAAD Up
CESC
LUSC
LUSC
KRT6B CESC Up
PAAD
SKCM Down
LUSC Up
KRTe ESCA Down
KIRC
LUSC Down
SKCM
BLCA
STAD
KRT7 THYM
PAAD Up
ov
CESC
UCS
UCEC
SKCM
KRT72 TeeT Down
KRT73 SKCM Down
KRT75 HNSC Up
KRT77 SKCM Down
SKCM
KRT78 HNSC Down
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KRT78

ESCA

Down

KRT79

SKCM

Down

KRT8

TGCT

STAD

THYM

READ

ov

PAAD

UCS

BRCA

Up

CESC

COAD

ESCA

UCEC

LAML

Down

KRT80

COAD

CESC

LUAD

ov

READ

STAD

THCA

Up

SKCM

Down

KRT86

TGCT

Down

3.10. Protein-Protein Interactions (PPI)

Networks of the protein products of the identified cancer DEGs were constructed based on

association data derived from various experimental studies. STRING (Search Tool for the Retrieval

of Interacting Genes) (Szklarczyk et al. 2017), a database of experimental and predicted, direct

(physical) or indirect (functional), associations among genes/protein, derived from different

sources such as high-throughput experiments, biomedical text mining, co- expression, gene fusion

were used to find any physical/functional associations.

The gene/protein associations detected in STRING were used as input to Cytoscape (Shannon

et al. 2003) to construct networks. Functional modules were recognized in the generated network
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by employing clusterMaker (Morris et al. 2011), and ‘hubs’ (highly connected nodes) in the
functional modules were identified through CytoHubba (Chin et al. 2014).

3.11. Natural Language Processing

Semantic relationships between keratins and cancer for each member of the type | KRT gene
family were discovered through biomedical literature mining, with the application of NLP
methods.
3.11.1. Acquisition of data

The scientific literature database MEDLINE/PubMed (https://pubmed.ncbi.nlm.nih.gov/)
was searched with artificial intelligence techniques thoroughly using "keratin” AND "cancer"
keywords to obtain relevant articles. A Python script was implemented to convert the raw text to

proper data structure for further process (Script 7).

Script 7

with open('PATHA\file', ') as f:
f =f.read()
splitText = f.split(\n\n\n")
titleAbstDict = {}
for txt in splitText:
titleAbstDict[txt.split("\n\n")[1]] = ".join(txt.split("\n\n")[4].split("\n"))
with open('PATH\fileOut', 'w") as fout:
fout.write(str(titleAbstDict))

Of the 4950 candidate articles, 1377 met the inclusion criteria:
(a) written in English,
(b)including an abstract, (c) containing adequate text for

processing.

Finally, the Python regex library was utilized to distribute each type of keratin into different
groups. We only used the keratin types that have an adequate quantity of relevant articles. The

counts of relevant articles are shown in Table 6.
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Table 6: Counts of KRT-relevant articles. Counts of included articles met the inclusion criteria are

shown in yellow background.

Gene Name Counts of relevant articles
KRT15 39
KRT38 1
KRT36 1
KRT37 0
KRT32 1
KRT20 222
KRT28 2
KRT39

KRT35 1
KRT18 106
KRT16 26
KRT23 8
KRT31 0
KRT19 673
KRT9 9
KRT24 1
KRT27 1
KRT40 1
KRT34 7
KRT25 3
KRT26 0
KRT33A 0
KRT33B 0
KRT17 81
KRT14 166
KRT13 28

3.11.2. Text Processing

The natural language toolkit (NLTK: https://www.nltk.org/) and spaCy (https://spacy.io/),
freely accessible Python libraries, were both used for text processing including tokenization,
parsing, lemmatizing and stemming (Script 8).

The Python scispaCy (https://allenai.github.io/scispacy/) package containing the spaCy
“en_core sci_lg” model was used for processing biomedical, scientific text; scispaCy's parsing
tools were utilized to retrieve phrases related with the entities in cancer and keratin types.

Script 8
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# Importing required libraries nltk_words

list(stopwords.words(‘english')) nlp

spacy.load(‘en_core_sci_Ig") stop
set(nltk_words)
exclude = set(string.punctuation)
lemmatizer = WordNetLemmatizer()
def clean(doc):

stop_free =" "join([i for i in doc.lower().split() if i not in stop]) punc_free =

" join(ch for ch in stop free if ch not in exclude) normalized = "

" join(lemmatizer.lemmatize(word) for word in punc_free.split()) return

normalized
for name in glob.glob('/PATH):

fileName = os.path.basename(name).split()[0]

f = open (name, "r", encoding="utf-8") dictFile

= ast.literal_eval(f.read()) dictKeywords = {

"PCNA" : "proliferating cell nuclear antigen",

"MCM3" : "minichromosome maintenance protein 3",

"ER" : "estrogen receptor",

"PR" : "progesterone receptor",

"EMT" : "epithelial-mesenchymal transition",

"CKs" : "cytokeratin",

"GC" : "gastric cancer",

"SCC" : "squamous cell carcinoma”,

"OSCC" : "oral squamous cell carcinoma”,

"TNF-o" : "Tumor necrosis factor-a",

"PDXs" : "patient-derived xenografts",

"CRC" : "colorectal cancer",




"tKRT18" : "total soluble KRT18",
"nKRT18" : "necrosis related KRT18",
"CRP" : "C-reactive protein",
"OC" : "oblongifolin C",
"TRAIL" : "TNF-related apoptosis inducing ligand",
"DRs" : "death receptor",
"rhTRAIL" : "recombinant human TRAIL",
"AZA" : "agent azacitidine",
"231Br" : "brain colonizing counterpart”,
"RS" : "Raman spectroscopy",
"ERalpha" : "estrogen receptor alpha",
"PGR" : "progesterone receptor",
"HER2" : "epidermal growth factor receptor 2",
"CSC" : "cancer stem cell"
"ECM" : "extracellular matrix"}
data = [] for kv in
dictFile.items():
doc = nlp(clean(v)) termList = list([d.text.strip() for
d in list(doc.ents)])
for i in str(doc).split(" *):
if i.upper() in (dictkeywords.keys()):
if i not in termList:
termList.append(dictKeywords[i.upper()])
data.append(termList)
with open('PATH/stem_words_{id}'.format(id=fileName) , ‘w") as fout:

fout.write(str(data))

3.11.3. Word Embeddings

Word2Vec embeddings module was implemented in the Python library Gensim
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(https://pypi.org/project/gensim/) to train word vectors of pre-processed text (Script 9). A list of all

word-to-word distances was extracted. To compute the similarity distances between each pair of

terms, the Word2Vec.most_similar function in gensim Word2Vec model was used. We used

continuous bag-of-words (CBOW) algorithm which learns representations of words to serve for

predicting other words in the sentence. We only vectorized words that appeared more than five

times (minimum frequency threshold). Iteration was set at 30 (epochs). Increased number of

iterations enhanced the performance of Word2Vec since the algorithm re-learned the relation

between words.

Parameter of Word2Vec
min_count 5 minimum frequency threshold
vector_size 300 layer size
epochs 30 number of iterations of learning
sg 0 the training algorithm is CBOW
Script 9

# Importing required libraries def
modelRun(processed_text):
cores = multiprocessing.cpu_count()
w2v_model = Word2Vec( min_count=5, window=>5, vector_size=300,

sample=6e-5,
min_alpha=0.0007,
negative=20,
workers=cores - 1,
seed=1 )

w2v_model.build_vocab( processed_text,
progress_per=10000)
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w2v_model.train( processed_text,
total_examples=w2v_model.corpus_count,
epochs=30, report_delay=1)
w2v_model.init_sims(replace=True) word_vectors =
w2v_model.wv return
word_vectors.most_similar(fileName, topn=50)
for name in glob.glob('PATH/file_name’):
fileName = (os.path.basename(name).split('_")[2]).lower()
Arr =[] f = open (name, "r", encoding="utf-8")
processed_text = ast.literal_eval(f.read()) if
len(processed_text) < 10: continue
for i in range(1):
thwords = modelRun(processed_text) for
th in thwords:
Arr.append(th[0]) Arr.append(fileName) words = list(set(Arr))
with open('PATH/file_name_{id}".format(id=fileName), 'w") as fout:
fout.write(str(words))

3.11.4. Data Visualization

A list of all term (word)-to-term (word) distances was retrieved. To compute the similarity
distances between associated keratin gene and words related, the Word2Vec.most_similar function
in Gensim Word2Vec model was applied (Script 10).

» The highest ranking 50 detected entries were included.

» Entries with word frequency below 10 were excluded.
The interactions between the KRT genes and their top 50 similar words (frequency threshold
is 10) were used to generate networks which were manipulated and visualized with Cytoscape
(Shannon et al. 2003).
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Script 10

# Importing required libraries
# Import processed text and corresponding word list
w2v_model.build_vocab( processed_text,
progress_per=10000)
w2v_model.train( processed_text,
total_examples=w2v_model.corpus_count,
epochs=30, report_delay=1)
w2v_model.init_sims(replace=True)
word_vectors = w2v_model.wv conns
= len(words) * 2
## finding distances using gensim to obtain the similarity between the krt and words
for il,wordl in enumerate(words): if wordl == fileName: continue
cosine_similarity = word_vectors.similarity(wordl,fileName) cosine_distance = 1
- cosine_similarity dist = (word1, fileName, cosine_distance) graphText += wordl
+ "'+
fileName + ;' +
str(cosine_distance) + ;' +
str(cosine_similarity) + ;' +
str(cosine_similarity) + \n'

with open('PATH/file_name_{id}".format(id=fileName), 'w') as f:
f.write(graphText)

3.12. Limitations of the Study
Due to the computationally intensive data processing, the computation time was excessively

extended.
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3.13. Ethics Committee Approval

Izmir Biomedicine and Genome Center Noninvasive Researches Ethics Committee
Approval carrying protocol number “2020-045” was granted for this thesis on the 25th December
2020.
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4. RESULTS

4.1.  Phylogenetic analyses
Phylogenetic trees of the KRT and jaw indispensable protein sequences were generated by

employing the neighbor joining (NJ) and the maximum likelihood (ML) methods.

4.1.1. Phylogenetic analysis of Keratins
Phylogenetic trees of KRT protein sequences were generated using both the NJ and ML

methods. Several major distinct (color-coded) clades were identified in all trees (Figures 6-9).

4.1.1.1. Keratins Type |
The two phylogenetic trees (Figures 6 and 7), reconstructed based on Keratins Type | proteins,

using both methods respectively, are congruent with similar topologies.

The phylogenies suggest that, apart from the ‘‘conventional’” KRT family members, two
‘orphan’ KRTs are present in zebrafish. The zebrafish KRT orphans form their own distinct clades
which arise from the basal node with high bootstrap values, leading to the suggestion that they are
the members of the KRT family that diverged earliest (‘‘proto-KRTs’’) before the emergence of
Amphibia 330 Mya. One plausible explanation is that the ancestor of the zebrafish orphan KRTs, a
proto-orphan KRT emerged in an ancestor of Teleostei and a series lineage-specific gene
duplication events gave rise to KRT15 and KRT17 that can be found in the contemporary zebrafish

genomes.

The primordial gene of the KRT family appears to be KRT18, since it was detected in
zebrafish and frog, suggesting it first emerged in an ancestor of Euteleostomi. Interestingly, the
branches of the KRT18 clade are exceptionally long, suggesting that the KRT17 members evolved

independently and more rapidly compared to the other KRTs.

The largest clade of the tree represents the genes KRT31, KRT32, KRT33, KRT34, KRT35,
KRT36, KRT37, KRT38, KRT39 and KRT40 which were identified exclusively in Eutheria i.e.
placental mammals. KRT37 and KRT38 were probably the first to emerge through a duplication
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event and appear to have strong similarity. The next genes that seem to arise during the course of
evolution are KRT33 and KRT34 along with KRT31 that appear to be sister groups, suggesting that
probably two more duplication events occurred. Later in mammalian evolution, most likely through
yet another duplication event, the sister clades of KRT40 and KRT32 emerged, followed by the
emergence of KRT35, KRT36 and finally KRT39. The phylogenies suggest that a series of nine
mammalian-specific tandem duplication events took place, in an early eutherian mammal that
apparently lived before the Laurasiatheria — Euarchontoglires divergence, yielding those ten

paralogs.

Another set of sister clades is formed by the genes KRT20 and KRT23. KRT23 seems to be
the older of the two since it was first detected in chicken and thus is of Amniota origin, while
KRT20 was detected exclusively in Eutheria. More precisely, KRT20 appears to be the product of
a KRT23 duplication which has occurred in a eutherian ancestor presumably after the Mammalia-

Sauropsida split.

Additionally, an ancestral KRT14/16/17 was identified in chicken. This gene of Amniota
origin is probably a primordial gene which, through a series of mammalian-specific duplication
events, presumably has iven rise to the three separate KRT14, KRT16 and KRT17 orthologs found
in mammalian genomes. KRT14 and KRT17 seem to have emerged first during the course of
mammalian evolution, while KRT16 arose later, after the divergence of Laurasiatheria and

Euarchontoglires, since it was not detected in the Laurasiatheria.

A sister group to the KRT14/16/17 group, is consisted of the KRT19 homologs. The two
groups appear to have strong homology, as confirmed by relatively high bootstrap values. KRT19
was also first identified in chicken and thus most likely first appeared in an ancestor of Amniota.
Those findings trigger the speculation that KRT19 and KRT14/16/17 occurred due to a duplication
event which took place in an ancestor of Amniota who lived before the divergence of Mammalia

and Sauropsida.

A sister group to the KRT14/16/17 - KRT19 group, appears to be KRT13 and KRT15. Both of

those genes are detected exclusively in Eutheria, leading to the suggestion that they might have
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emerged after a series of species-specific duplication events that yielded those mammalian paralogs

in an ancestor of Eutheria who lived after the Mammalia-Sauropsida split.

Another gene that was first detected in Amniota is KRT9. It most likely appeared earlier in
amniotic evolution, relatively to KRT14/16/17 and KRT19, since it does not share a high degree of
sequence similarity with its other two paralogs. On the contrary, as suggested by the topology and
the high bootstrap values, KRT9 appears to have strong homology with KRT10, which is found
only in Eutheria, consequently, triggering the speculation that KRT10 emerged through a
mammalian-specific duplication event of KRT9, most likely in a eutherian ancestor that lived after

the divergence of Mammalia and Sauropsida.

Finally, KRT12, KRT24, KRT25, KRT26, KRT27 and KRT28 are restricted to Mammalia.
KRT12 is most likely the first, out of this group, to arise during the course of mammalian evolution,
while KRT24, KRT28, KRT25, KRT27 and KRT26 appeared later in the KRT family. The
phylogenies suggest that a series of four mammalian-specific tandem gene duplication events might
have given rise to the corresponding orthologs, apparently in an early eutherian mammal that lived

before the Laurasiatheria — Euarchontoglires divergence.

4.1.1.2. Keratins Type Il

On the basis of the reconstructed phylogenies depicted in Figures 8 and 9, KRT222 is the
most ‘ancient’ clade, basal to the KRT tree, distantly related to the other KRTs; the KRT222
orthologs in the contemporary genomes are probably the products of a series of duplications of an
ancestral KRT222 gene in Teleosts (zebrafish). The genes KRT71/72/73/78, KRT81/82/85/86, and
KRT1/2/77, which form highly-supported distinct clades in both trees, are restricted to placental
mammals, suggesting that a series of Eutherian-specific gene duplication events might have given
rise to the corresponding orthologs. The gene KRT5 was detected exclusively in Amniota.
Moreover, the zebrafish genes KRT4 and KRT5 appear to form a separate branch in both trees,
suggesting products of a teleost-specific duplication.

The Gallus gallus genes KRT6A and KRT75 appear to be basal to a clade which includes
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Eutherian KRT genes. It is intriguing to speculate that a duplication of a KRT6A/75 ancestral gene
might have existed in Amniota which after a series of species-specific duplications gave rise to the
Eutherian KRT5, KRT6A/B/C and KRT75 orthologs.

The KRT80 genes form a distinct clade, distantly related to the other KRTs in the tree,
suggesting that an ancestral KRT80 gene in amniota gave rise to the KRT80 orthologues which

evolved more rapidly compared to the fellow Type Il keratins.
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Figure 6: ML radial cladogram of KRT protein sequences. The sequences are represented by the

species name and the KRT names (visualization with iTOL).
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at the nodes. The branch length at the bottom indicates the length of amino acid substitutions per

position.
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Figure 8: ML radial cladogram of KRT type Il protein sequences. The sequences are represented by

the species name and the KRT protein names (visualization with iTOL).
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4.1.2. Phylogenetic analysis of Jaw Indispensable Genes

A characteristic example of gnathostome-specific genes is the well-studied TP53 gene
family, where distinct orthologs of the three members of this family (i.e., TP53, TP63 and TP73)
were found exclusively in gnathostome species. The agnathan p53 homologs occupy a basal
position in this phylogenetic tree, suggesting that a primordial TP53/63/73 gene might have existed
in jawless species which after a series of duplications gave rise to the functionally divergent TP53,

TP63 and TP73 genes in jaw-bearing vertebrates.
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Figure 10: ML-based tree of ther ‘true ortholog” TP53. Only agnathan sequences that clustered
with the known gnathostome sequences under study were considered as ‘true orthologues’. The
bootstrap values show the statistical significance of the inferred tree. Numbers above branches are
bootstrap values. Note that some nodes with bootstrap values of 100%, indicate strong support for

these nodes, whereas other nodes have much weaker support.

72



4.2.  Differential KRT gene expression

KRT genes, including the phylogenetically ‘older’ KRT13, KRT15, KRT19, KRT23 and

KRT222, are shown to be differentially expressed in multiple types of cancers. The

phylogenetically conserved KRT17 and KRT19 were shown (Figure 11) to be differentially

expressed in multiple types of cancers. This observation suggests that evolutionary pressure might

have been exerted upon those genes (and their protein products) to remain unaltered, at least, in

cancer-bearing species.
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Figure 11: Heatmap of differentially expressed KRT genes based on data derived from the cancer

database (Red: Up-regulated, Blue: Down-regulated, Yellow: No data).
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Network
4.3. Analysis

4.3.1. Protein-Protein Interactions of Keratins
The protein products of the differentially expressed KRTs, including the ‘older’ ones, form

a highly interconnected network, suggesting functional or physical association among them.

KRT15
KRT16 KRT14

KRT17
KRT13

KRT18

‘ KRT10
KRT19 0 KRT31
KRT33A

KRT20 KRT23

Figure 12: KRT13, KRT15, KRT19 and KRT23 form a highly interconnected network.
4.3.2. of Keratin-Cancer Associations

A bipartite network was constructed displaying TCGA-derived cancer-KRT associations by
using information from the cancer database developed in this study. The size of the nodes is
proportional to their degree of connectivity. The network is highly interconnected, suggesting that

functional or physical association among diverse cancer types and both types of KRT genes.
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Figure 13: Keratins are linked to multiple cancers.
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Our phylogenetic analysis revealed that 138 genes presumably originated in jawed

vertebrates, since no ‘true orthologues’ of their corresponding proteins could be detected in jawless

species after extensive database searching. In contrast, the other 115 genes are of pre- gnathostome
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Network
origin (Addenda 8.2). Of note, these 253 JIG factors appear to form a highly interconnected

network (Figure 13).
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Figure 14: Interaction network of JIGs. A total of 173 of 305 genes/proteins are highly
interconnected. The nodes represent genes/proteins and the connecting edges functional

associations. Node sizes reflect node degree. Interaction confidence score > 0.9.
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Figure 15: Deregulations of gnathostome-specific hubs of the JDN are more frequently associated

with invasive and metastatic stages, in contrast with pre-gnathostome hubs. Functional interaction

network (confidence interaction score > 0.9) of the gnathostome-specific and pre- gnathostome JIG

hubs. The size of the nodes is proportional to the node degree in the ‘original’ JDN network in

Figure 15. The 60 nodes representing intra- and inter-modular hubs in the original network appear

to be interconnected and form a relatively dense network.

In biological networks, the most highly connected nodes, “hubs”, are considered to be of

biological importance and more pertinent to the overall function of the network in general

(Barabasi, Gulbahce, and Loscalzo 2011; Kontou et al. 2016; Sethuraman and Sujasree 2020). The

intra-modular hubs are central to a given network module, with the highest number of connections

to the neighboring nodes. In contrast, inter-modular hubs are intermediate between two or more

modules. With this in mind, we sought to investigate whether gnathostome-specific genes

deregulated in cancer also occupy hub positions in the jaw-developmental network (JDN).
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First, 60 nodes representing intra- and inter-modular hubs were identified through STRING
network analysis (Figure 16). By approximating their evolutionary age, these hubs correspond
highly to gnathostome-specific versus pre-gnathostome orthologues. Upon comparison of these 60
hubs to CCLE-derived data, it was found that 33 (55.0%) of them are deregulated in highly invasive
cancer cells, 25 of which are of gnathostome, and 8 of pregnathostome origin (y2 = 7.76, p <
0.0054) (Marquardt et al. 2021). Remarkably, all 33 JDN hubs predicted are effectively correlated
to invasion and/or metastasis in a cancer type-dependent manner, according to experimental
evidence in cancer cell lines, mouse models and tumor samples, whereas drugs targeting several of
them are already in clinical trials or even FDA-approved for the treatment of aggressive and
metastatic cancers (Marquardt et al. 2021). Taken together, the results are a sign of a prevalence of
gnathostome-specific genes in occupying JDN hubs; nevertheless, at the same time, cancer cells

preferentially exploited these over pre-gnathostome hubs to promote cancer aggressiveness.

4.4,  Natural Language Processing

Networks illustrating the semantic relations of the highest ranking 50 most similar terms
(words) to KRT18- KRT 19- KRT 13- KRT 14- KRT 15- KRT 16- KRT 17- KRT 20. The nodes
represent the words, and the edges denote the semantic associations to selected KRTs which have
adequate texts in their document. The size of the nodes indicates the degree of similarity between
the given term and KRTs. The semantic relations of the highest ranking 50 terms (words) were
constructed using the similarity distances between each word and were generated a KRT
association network which was manipulated and also visualized by Cytoscape
(http://www.cytoscape.org/). The word nodes on the network were placed according to their

similarity with each KRTSs.
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Figure 16: Network illustrating the semantic relations of the highest ranking 50 most similar terms
to KRT18. The nodes represent the words, and the edges indicate the semantic associations to

KRT18. The size of the nodes indicates the degree of similarity between the given term and KRT18.
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Figure 17: Network illustrating the semantic relations of the highest ranking 50 most similar terms

to KRT19. The nodes represent the words, and the edges represent the semantic associations to

KRT19. The size of the nodes indicates the degree of similarity between the given term and KRT19.
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Figure 18: Network illustrating the semantic relations of the highest ranking 50 most similar terms
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Figure 19: Network illustrating the semantic relations of the highest ranking 50 most similar terms
to KRT14. The nodes represent the words, and the edges represent the semantic associations to
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Figure 20: Network illustrating the semantic relations of the highest ranking 50 most similar terms

to KRT15. The nodes represent the words, and the edges indicate the semantic associations to
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Figure 21: Network illustrating the semantic relations of the highest ranking 50 most similar terms

to KRT16. The nodes represent the words, and the edges represent the semantic associations to
KRT16. The size of the nodes indicates the degree of similarity between the given term and KRT16.
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Figure 22: Network illustrating the semantic relations of the highest ranking 50 most similar terms

to KRT17. The nodes represent the words, and the edges indicate the semantic associations to

KRT17. The size of the nodes indicates the degree of similarity between the given termand KRT17.
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Figure 23: Network illustrating the semantic relations of the highest ranking 50 most similar terms
to KRT20. The nodes represent the words, and the edges represent the semantic associations to

KRT20. The size of the nodes indicates the degree of similarity between the given term and KRT20.
5. DISCUSSION

The scope of the present thesis was to identify the hallmark macroevolutionary trait(s) and

corresponding genes that promoted the manifestation of the molecular mechanisms of
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carcinogenesis in diverse taxonomic groups, by employing computational systems biology

methods.

5.1.  “In The Light of Evolution”: Keratins as exceptional tumor biomarkers

The reconstructed phylogenies of keratins allowed us to get a glimpse into the evolutionary
history of this extended gene family, and how members of this family are associated with
pathophysiological processes. It was found that some keratin genes are converted to pseudogenes
and vice versa during the course of evolution. According to the results of the phylogenetic analysis,
the evolutionarily ‘older’ KRT13, KRT15, KRT19, KRT23 and KRT222, were expressed
differentially in diverse cancer types. Of note, KRT222, which was first detected in Gallus gallus,
was found to be down-regulated specifically in brain neoplasms (lower grade glioma and
glioblastoma multiforme). Furthermore, KRT13, KRT19 and KRT23, first detected in chicken, were
shown to be up-regulated in ovarian cancer. This suggests that, at least in cancer-bearing species,
these genes (and their corresponding protein products) remained unchanged due to evolutionary
pressure. Given that chicken is currently the only animal model available to investigate the etiology
and progression of human ovarian cancer, the krt13, krt19 and krt23 chicken orthologues could be

taken into consideration in the study of ovarian cancer.

The constructed KRT-oriented networks using word embedding provide notable information
on how related words in our text dataset have semantic and syntactic similarity with the
corresponding keratin. Our results support that there is significant association between keratins
with cancer biomarkers. For instance, the expression patterns of conventional tumor markers such
as proliferating cell nuclear antigen (PCNA) and minichromosome maintenance protein 3 (MCM3)
in breast cancer are similar with KRT18 patterns. Besides, in a majority of breast carcinomas,
KRT18 was mostly upregulated (P.-B. Wang et al. 2020).

Our similarity results also support that KRT18 could be a potential prognostic marker in
breast cancer since it is associated with tumor dedifferentiation. It has been also suggested that
downregulation of KRT18 is linked to epithelial-to-mesenchymal transition (EMT), and therefore
KRT18 can be considered as a candidate biomarker for predicting poor prognosis in breast cancer.

Moreover, it has been suggested that caspase-cleaved KRT18, a serum apoptosis product, could be
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a functional biomarker for determining the response of breast carcinomas to chemotherapy in
advance (Olofsson et al. 2007).

It has been demonstrated that the levels of KRT19 and carcinoembryonic antigen are
increased in carcinomas such as adenocarcinoma, squamous cell carcinoma and small cell lung
cancer (Khanom et al. 2012). Reduced level of serum KRT19 fragments during chemoradiotherapy
of non-small cell lung cancer (NSCLC) represents one of the prediction factors in tumor response.
Also, KRT19 levels are strongly correlated with metastasis occurrence and survival status in all
lung cancer patients. Hence, KRT19 is a strong independent prognostic factor for different stages

of lung cancer (Juan Wang et al. 2011).

Cancer-associated fibroblasts show a powerful stimulatory effect on the expression of
KRT14, which is basal/myoepithelial marker. KRT14 depicts the hyperproliferative responses of
keratinocytes which play important role in skin repair (Dvoiankova et al. 2012; Zhou et al. 2022).
KRT14 could also serve as a biomarker in rare salivary gland neoplasm SACC (salivary adenoid

cystic carcinoma) for predicting worse prognosis (Belulescu et al. n.d.; Gao et al. 2017).

According to our findings, KRT15 is intimately linked to molecular factors and pathways
that mediate cell-cell interactions. The downregulation of transmembrane receptor B1-integrin
allows cells to recognize and communicate with the extracellular matrix by inducing KRT15 during

terminal differentiation (Brooker et al. 2016).

Upregulation of KRT14, as well as downregulation of KRT15 and KRT19, were obserserved
in oral squamous cell carcinoma. There were considerable variations in the expression of KRT15
and KRT19 through all cancer types. Increased level of KRT15 expression and decreased level of
KRT19 expression are observed in well-differentiated OSCC compared to moderately/poorly
differentiated OSCC (Khanom et al. 2012).

Increased KRT16 expression is highly associated with weak differentiation, augmented
lymph nodes metastasis and advanced stages as well. Moreover, inhibition of KRT16 reduceD
migration, invasion, metastasis and chemoresistance, whereas knockdown of KRT16 improves

chemosensitivity in oral squamous cell carcinoma (W.-C. Huang et al. 2019). Also, there are
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associations between increased KRT16 expression and poor survival in metastatic breast cancer
(Joosse et al. 2012).

Furthermore, KRT15 is directly associated with the differentiation-related keratin KRT13
(Khanom et al. 2012b). KRT13 is transcriptionally regulated by KLF4 which is involved in
esophageal squamous cell carcinoma cell differentiation. It has been shown that regulation of
epithelial and mesenchymal marker genes was INITIATED by the TGF-B1-induced EMT program,
and KRT13 is transcriptionally suppressed via modulation of the state of chromatin at its promoter
(He et al. 2015).

KRT17 triggers AKT signaling pathway and induces EMT, and it is highly correlated with
progression of malignancy and poor prognosis of esophageal squamous cell carcinoma (ESCC)
patients. Therefore, KRT17 may serve as a therapeutic target for the treatment of ESCC (Liu et al.
2020). It has been also demonstrated that increased level of KRT17 is directly correlated with the
progression of pancreatic cancer. Knockdown of KRT17 led to suppression of cell growth,
migration, tumor growth, and also induction of apoptosis and cell cycle arrest (P. Chen et al.
2020).

Quantitating KRT20 expression by RT-PCR is a very sensitive and accurate method to detect
unknown lymph node metastases. Also, measuring KRT20 mRNA expression in lymph nodes is
essential for exact tumor staging and for postoperative adjuvant treatment of colorectal cancer
patients (G. Chen et al. 2004). Studies on pancreatic carcinoma, gastric cancer, colorectal
carcinoma and miscellaneous tumors suggest that it is convenient to detect circulating tumor cells
based on KRT20 RT-PCR assays (Joosse et al. 2012).

The aforementioned findings highlight the prominent role of KRT genes in mammalian
cancers. Several KRTs could serve as robust diagnostic an