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ABSTRACT

Graph data representation is an efficient technique for highlighting the relationship among huge and highly
linked biological data. With the advent of next-generation sequencing, a large volume of data is being
generated. Currently, many graph tools exist to extract semantically associated data. Neo4j, Titan, and
OrientDB are examples of well-known graphical representation tools. In this paper, a perfect graphical data
storage and interaction retrieval model for lung cancer genes are presented which are collected from different
types of databases such as Uniprot, COSMIC, and NCBI. The model contains interactions between genes,
proteins, protein domains, their expression in various tissues, involvement in other diseases and their
corresponding role, disorder type, mutation location, disease description, etc. By applying different types of
queries, many types of unknown relationships have been uncovered which were not well studied earlier such as
three proteins named KRAS, NRAS, and RIT1, which have a common domain. Similarly, groups of genes have
shown no expression in any other organ except the lungs. Some groups of genes have some types of somatic
disorders showing that they may have a related genetic basis. Through the deep analysis, we found different
groups of genes which have the same disorder type, mutation location for different diseases, and different genes
playing a crucial role in the development of various diseases including lung cancer. Such a type of analysis
helps design drugs against the highlighted cause factors of diseases.

Key words: Graph analytics, Graph database, Cancer, Protein-protein interaction, Protein domains,
Mutations

INTRODUCTION

Big data is one of the emerging fields across the world. There are five main components of big data namely
Volume, Variety, Velocity, Veracity, and Value. Data sets are growing rapidly day by day and becoming big
data [1]. We need new powerful techniques to manipulate such huge and varied data. Biological data is the most
varied data as it can be structured, semi-structured, and unstructured. There are different types of famous
databases such as the Molecular Interaction Database (MINT) [2], Database of Interaction Protein (DIP) [3],
Biomolecular Interaction Networks Database (BIND) [4], Reactcome [5], STRING [6], Unified Human
Interactome (UniHI) [7], Online Mendelian Inheritance in Man (OMIM) [8], Kyoto Encyclopedia of Genes and
Genomes (KEGG) [9], Human Protein Reference Databases (HPRD) [10], Biological General Repository for
Interaction Datasets (BioGrid) [11], National Center for Biotechnology Information (NCBI) [12], and Universal
Protein Resource Knowledgebase (UniprotkKB) [13] all of which could be used for storing and analyzing this
data. The management and analysis of such huge and varied data has become a challenge for the scientific
community.

Currently, graph databases have taken a central place in big data analytics, as there are a lot of important and
complicated relationships among the data. Thus, the new era needs to analyze these complex graphs and extract
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the most important entity relationships which play an important role in a process. Graphs contain nodes
(vertices) which are used to show the entities and edges (relationships), which are used to demonstrate the
connection between nodes. In our actual lives, each and everything is connected and can be shown in the form
of a graph. With the advent of new technology, it has become very important that we should have complete
knowledge of all the stored data, its management procedures, and possible analysis [13].

Cancer is famous for its other name “the genome variation disease”. Sequence analysis leads to the recognition
of mutational genes in cancer, especially those genes which play a vital role in cancer development like
oncogenes [14]. Furthermore, the structural and functional analysis also helps us to check out the expression
complexities of these mutated genes. Cancer is one of the leading causes of death. There are almost more than
7.4 million deaths worldwide per year, from which the lung cancer rate is over 1.4 million deaths per year [15,
16]. Due to the introduction of new DNA analysis technologies like next-generation sequencing the analysis of
mutation has shifted from a single gene to multiple genes or groups of genes, as in cancer there is always more
than one gene responsible for the disease development. Lung cancer is mainly divided into two categories: small
cell lung cancer (SCLC) and non-small cell lung cancer (NSCLC). 85% of total lung cancers are NSCLC, which
is further classified into two main subtypes: squamous cell carcinoma (SCC) and adenocarcinoma (AD). The
recognition of total altered genes at an early stage can control lung cancer [17, 18].

Graphical representations of biological data are important in visualization and analytics. A graph database uses
graph structure. The basic idea is to develop a graph structure that consists of nodes (biological entities) and
edges (relationships among nodes) of stored data. The graph database can handle all types of flexibility in data
easily. It can also manage all types of relationships in heavily linked data. Many scientists have moved to graph
databases for the representation of biological data. For example, [19] used the graph databases for data storage
and representation of the disease networks and launched a flexible structure to create new hypotheses.

Bio4j [20] launched a graph database (Neo4j) which can combine information from main repositories, for
example, Gene Ontology (GO) [21] NCBI and Expasy Enzyme DB [22], RefSeq [23], Taxonomy [24]. Neo4j is
a freely available open-source NoSQL graph database that can run at any type of database server and has its
query language (like SQL) called Cypher query language (CQL), which is a declarative language.

In this paper, a graphical representation of biological data is designed for lung cancer. This model contains the
mutated genes involved in lung cancer and these genes are connected with other corresponding information
from these genes. Each gene has an encoding protein and this protein has one or more domains. Similarly, each
gene has an expression in other organs and is also involved in other diseases. In other diseases protein has some
specific role, e.g. playing a role in some signaling pathway, making a complex with other proteins, playing a big
role due to mutation, or co-expressing with other genes and leading from the normal procedure to disease
development. In this model, the role of protein in other diseases is also merged by literature searches. Similarly,
other related information like mutation location, disorder type, and disease description are also merged. The
model will give a short view that starts from the mutated gene and proceeds to its corresponding protein,
domains, expression, etc. It ends with the role of this mutated protein in causing other different diseases.

MATERIALS AND METHODS

Dataset preparation

First, the mutated lung cancer genes in altered chromosomal regions were collected from the integrated genome
database of non-small cell lung carcinoma (IGDB.NSCLC). These mutated genes are taken from mainly two
types of regions: the amplified regions and the deleted regions from squamous cell carcinoma and
adenocarcinoma, which are the two  subcategories of non-small cell lung cancer
(http://igdb.nsclc.ibms.sinica.edu.tw/mutation.php).

Other genes such as those reported in various works of literature are also retrieved. The genes' ID, expression,
and involvement in other diseases were taken from Uniprot manually. Domains and Repeats are collected from
Interpro. Similarly, the data regarding the role of lung cancer genes in causing other related diseases like
Hereditary desmoid disease (HDD) and Colorectal cancer (CRC)was obtained by literature review, e.g. mutation
in EPHA3 causes lung cancer but it is also involved in colorectal cancer CRC [25]. The type of disorder,
mutation location, and disease description were taken from OMIM. The data was converted into CSV file
format. The file with gene details of lung cancer was named “Lung_Cancer Data” and the file with complete
details of diseases and their role was named “Lung_Cancer Data Disease role”. These two files were placed
into the import folder of Neo4j so that they can be directly accessed by CQL from the import folder.
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Graphical model development

The CSV files which contain data related to lung cancer genes and their other details were uploaded at Neo4j for
making the graphical representation. We got the complete graphical data model of the uploaded files in Figure
la.

Different groups were generated in the graphical model which was hidden before. The genes which have similar
expressions were grouped and linked together in graphical form. Similarly, the proteins which share the same
domains, role, disorder type, and mutation location have formed relationships and come in the form of groups in
the graphical model. Some protein-making hubs are also highlighted in the model, i.e. the proteins which are not
involved in any other diseases except lung cancer are gathered in one place and their other detail like their
domains and expression is also linked with them. Clusters were separated in the graph, e.g. the cluster of those
proteins which have the same disorder type.

RESULTS AND DISCUSSION

Graph databases are very useful in explaining the relationships between genes and diseases. We illustrate
different queries which are important in understanding the role of different genes and proteins and their domains
in developing lung cancer, their expression in different organs other than the lungs in the aspect of spreading the
disease, and the role of these lung cancer-causing genes in developing other diseases. We formulated different
queries such that the query for extracting common domain among different proteins and a query to check the
overlapping role of protein in developing a disease. A total of 657 nodes, 657 labels, and 630 relationships were
created, and 391 properties were set.

Identification of different proteins with common domains
We describe a simple query that returns the different proteins, which have the same domains from the lung
cancer genomics dataset (Figure 1a). The query is given in Listingl.

$ MATCH p= ()-[r: hasDomainAndRepeats] -> () RETURN p limit 300 (1)

Listing 1. Cypher query to discover different proteins which have the same domains and repeats in lung cancer
genes.

a) b)

C) d)
Figure 1. a) Graphical Data model of lung cancer genes and its other linked details. b) Two groups of proteins
having common domains. ¢) A group of two proteins that share a common domain. d) various groups of lung
cancer proteins that play a special role in developing other diseases.
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9) h)
Figure 2. ) Two proteins that are involved in different diseases. f) 15 proteins that have no role in causing
any other disease except lung cancer. g) Proteins that have no expression in any other organs except the lungs.
h) Two different diseases are caused by the same lung cancer gene mutation.

k) )
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Figure 3. i) Two diseases that have the same mutation in a lung cancer gene. j) Group of three different
mutations which can cause colorectal cancer (CRC). k) Two diseases having the same mutation. 1) Two
different diseases having the same mutation. m) Two genes having the same mutation in a disease. n) Group
of two diseases having the same mutation.

a)
Figure 4. 0) Group of two diseases having the same mutation. p) Mutation in two genes involved in the same
disease. g) A group of diseases caused due to the same mutation in ERBB2. r) Cluster of diseases that have
an autosomal dominant mutation.
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s) Ly

u) v)
Figure 5. s) Cluster of diseases that have a somatic mutation. t) One group of diseases has germline mutation
and the other group has an autosomal dominant mutation. u) Three groups of diseases that have overlapping
disorder types. v) Group of diseases which share the same disorder type.

This query gives the proteins along with their domains which we identify as two groups of proteins that have
common domains. Three different proteins named Serine/threonine-protein kinase STK11, Cyclin-dependent
kinase 4, and Dual specificity mitogen-activated protein kinase 1 have a common domain called Protein kinase
domain (IPR000719). Similarly, another group is identified which consists of three proteins known as GTPase
KRas, GTP-binding protein Ritl, and GTPase Nras having the same domain known as Small GTP-binding
protein domain (IPR005225) Figure 1b.

Similarly, the last group of genes which we have identified consists of two different proteins which have the
same domain. This group of proteins includes two proteins named Homeobox protein Nkx-2.1 and Homeobox
protein Nkx-2.8 which have the same domain called Homeobox domain (IPR001356) and Homeobox domain,
metazoa (IPR020479) Figures 1c and 1d.

Identification of different proteins’ roles in the same or different diseases
Similarly, the query for identifying the different groups of proteins that have an important role in developing the
same disease as well as different diseases is given in Listing 2.

$ MATCH p= ()-[r: plays_role] -> () RETURN p LIMIT 300 )

Listing 2. Cypher query to discover a group of proteins that have an important role in developing the same
disease as well as different diseases.

We noted three proteins, EPHA3, BRAF, and CTNNBL1, which are involved in the same disease called
colorectal cancer (CRC). Similarly, proteins KRAS and JAK2 are also involved in developing the disease called
Leukemia, acute myelogenous (AML). In the same way, APC and CTNNB1 proteins play important role in
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causing the Medulloblastoma (MDB) Figure 2e.

ERBB?2 protein plays an important role in the development of gastric cancer (GASC) and Ovarian Cancer (OC).
Similarly, BRAF is playing a key role in causing two different diseases called LEOPARD syndrome 3 (LPRD3)
and Noonan syndrome 7 (NS7) Figure 2f.

By applying another query given in Listing 3 we got 15 proteins, NKX2-8, EPHB6, EPHA5, LMTK2, INSRR,
PIK3C3, PAK7, ROS1, KIAA18, PIK3CG, FOXAL, CDC42 and FLT1, which are purely involved in lung
cancer and are not involved in any other disease Figure 2g.

$ MATCH p= ()-[r: involved_in] -> () RETURN p LIMIT 300 3)

Listing 3. Cypher query for discovering those proteins which are not involved in any other disease except lung
cancer.

Similarly, by applying another Cypher query. we were able to extract those proteins which have no expression
in any other tissue or organ except in the lungs Figure 2h. The query is given in Listing 4. The proteins NKX2-
8, CDK4, KRAS, PIK3CA, NRAS, ROBO2, INSRR, PRKDC, KIAA18, FLT1and PAX9 have expression only
in the lungs and show no expression in other organs.

$ MATCH p= ()-[r: is_expressed_in] -> () RETURN p LIMIT 300 (4)

Listing 4. Cypher query to find those proteins which have no expression in other organs except the lungs.
Similarly, we can also uncover diseases that have the same mutation location of different genes. The query is
given in Listing 5.

$ MATCH p= ()-[r: has_mutation_at] -> () RETURN p LIMIT 300 (5)

Listing 5. Cypher query for discovering those diseases which have the same mutation location of different
proteins.

We found a total of 10 clusters, some of which include different diseases which have the same mutation location
of a protein. In the same way, we found a group of different protein mutations involved in the same diseases.
LEOPARD syndrome 3 (LPRD3) and Noonan syndrome 7 (NS7) have the same mutation at chromosome 7q34
in exons 6,11,12,13,15,16,17 of BRAF protein Figure 3i. Similarly, Pilomatrixoma (PTR) and ovarian cancer
(OC) have the same mutation at chromosome 3p22.1 in exon 3 of CTNNB1 protein Figure 3j. Mutation in
BRAF, EPHA3, and CTNNB1 can also cause colorectal cancer (CRC) Figure 3k.

Keratinocytic non-epidermolytic nevus (KNEN) and Melanocytic nevus syndrome, congenital (CMNS) have the
same mutation in NRAS at chromosome 1p13.2 in codon 61 Figure 3l. Leukemia, juvenile myelomonocytic
(JMML) and Gastric cancer (GASC) have the same mutation in KRAS at chromosome 12p12.1 in codon 12
Figure 3m. Similarly, we can detect those genes which have the same mutation location for a disease. The same
mutations in CTNNB1 and APC cause Medulloblastoma (MDB) Figure 3n. Similarly, Breast cancer (BC) and
Cowden syndrome 6 (CWS6) have the same mutation at chromosome 14932.33 in E17K and AKT1 genes
Figure 4o.

Breast cancer (BC) and Hepatocellular carcinoma (HCC) have the same mutation in PIK3CA at chromosome
3026.32 in exons 9 and 20 Figure 4p. A mutation in KRAS and JAK2 causes Leukemia, acute myelogenous
(AML) Figure 4q. Glioma (GLM), Ovarian cancer (OC), and Gastric cancer (GASC) have the same mutation at
chromosome 17912 in the kinase domain in the ERBB2 gene Figure 4r.

Similarly, we can group those diseases which have the same disorder type as if the nature of the disease is the
same then there is a possibility that they will also share their genetic factors Figures 5s-5v. The query to extract
these diseases is given in Listing 6.

$ MATCH p= ()-[r: has_disorder_type] -> () RETURN p LIMIT 300 (6)

Listing 6. Cypher query to find the cluster of diseases which share the same disorder type.

When the data model of lung cancer genetics came into a graphical representation, a bulk of information came
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into existence that was neglected in the table form like overlapping domains of different proteins, overlapping
expression of different genes, overlapping mutation type and disorder type of different genes and overlapping
disease of different genes.

In the results, we have seen that listing 2 returns the proteins with the same domains or share some domains. In
this regard, the same domains of different proteins lead us to the possibility that they will surely share their
function also, as domains are the functional part of the proteins. We have uncovered three proteins,
Serine/threonine-protein kinase STK11, Cyclin-dependent kinase 4, and Dual specificity mitogen-activated
protein kinase 1, which have an overlapping domain called Protein kinase domain (IPR000719). Protein kinase
has a key role in several cellular processes which include division, proliferation, apoptosis, and differentiation
[26]. As domains are the functional part of the protein, if some proteins have similar or same domains then they
will perform the same function no matter in which organism they exist [27]. Similarly, we retrieved different
proteins which have a role in developing a disease other than lung cancer. We found three proteins EPHA3,
BRAF, and CTNNBL, which are involved in the disease called colorectal cancer (CRC). This means that these
cancerous genes are not only involved in lung cancer but are also responsible for causing other types of
diseases. Likewise, the overlapping role of the disease gave us the idea that there exist some pathways or
processes which are important with respect to the development of different types of diseases. This means that if
these shared pathways of processes are controlled then we can overcome different types of diseases [28]. As in
Figure 2e, the proteins which are not involved in any other disease except lung cancer led us to the concept that
these proteins are playing a critical role in causing lung cancer [29, 30]. By targeting these genes, we can also
design some drugs to cure lung cancer properly [31]. Similarly, Figure 2f shows the proteins which have no
expression in any other organ and tissue except the lungs, which is why they are also the leading cause of lung
cancer as they are expressed in the lungs only, which means that they produce all their proteins in lungs [32].

In the same way, Figure 2g to 5t shows different proteins which have the same mutation location which means
that these mutations have a very special link that generates a group of diseases collectively and form some type
of syndrome by causing these mutations [33]. Such analysis can generate multidimensional results which can
cover a large amount of linked information, due to which we can easily discover the main cause of a disease by
checking every possible cause and factor. In the future, by detecting the cause of disease we can easily design
specialized drugs against specific diseases. This will open the scope for new methods of treatment of a disease.
A large volume of data is being generated by different biological sources which are high in semantics; it
provides a challenge for the scientific community to integrate such type of data. Graph databases beat this
challenge very efficiently due to their powerful support and storage system etc. In medical science, it has
become very important to study the molecular basis of diseases to identify the genes, proteins, and
corresponding pathways. For this purpose, the integrated analysis of data is useful to understand the complete
process of the working of disease pathology. For example, Neodj is widely used for forming a network of
different biological processes and disease protein interaction networks e.g. the asthma-related genes network,
etc. [19]. A different type of biological data is generated daily, and based on this data different biological
networks are also made. These networks are very useful for understanding biological processes. However,
analyzing these highly connected and interlinked networks and understanding them deeply is also a very hectic
task. Different types of techniques are developed to understand these networks to extract the important
relationship between different entities. Most of the research is being conducted to develop different methods for
different types of biological networks or to solve different biological problems. However, there are different
benefits and drawbacks of these methods. Different integration techniques need specific analysis methods
accordingly [34].

Cancer is a result of many mutations in genes leading to disturbance in many complex biological pathways and
networks and influencing the many functions of cells. Therefore, to cure cancer scientists need to analyze and
understand many networks and signaling pathways computationally. The Atlas of cancer signaling networks
(ACSN) provides a map of different interaction networks specialized for cancer [35]. It provides a lot of tools
for the visualization and analysis of cancer-related data in detail. It is very helpful in understanding different
mechanisms, e.g. cancer spreading, apoptosis, cell survival, etc. [36, 37].

Consensus PathDB is widely used to collect the human molecular data which are gathered from 32 various
repositories. It is also a web interface that provides the features to visualize the interaction between this data and
offers different methods to analyze this data more deeply. Biomolecules are used to form a network of
biological processes [38, 39]. The tool is mainly used to form the interaction networks between biological
molecules or the interaction pathways. These networks and pathways are then analyzed by applying different
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statistical methodologies. The results are very efficient and easy to analyze. These networks are used to
recognize different functions of the cell, identify clusters, and develop topology for generating different other
models [40-44].

CONCLUSION

A large amount of biological data has been generated from different resources. Recently, a great interest has
developed to analyze this huge and super complex data and its understanding can open the door to the solutions
to many different biological problems such as finding the root cause of a disease, searching for the interacting
cluster of proteins which plays important role in producing different diseases and drug designing against these
diseases by the combined analysis of these genes. By making a graphical model of such data we can increase
understanding, which can help us to reveal the important relationships between different entities or groups of
entities.

In this study, we found that there are overlapping domains of different lung cancer proteins which are purely
involved in lung cancer, which means that these genes work in the form of groups or clusters to develop the
disease. These findings provide us with the cause factor of disease and by designing some drugs against these
clusters to stop their domain functionality; we can control lung cancer or its spread. Similarly, those genes
which are involved in some pathways are also involved in more than one disease as those pathways are
responsible for performing different functions. Any disturbance in those pathways disrupts all those functions
which were performed with the help of those pathways; that’s the main reason that one gene was playing a
crucial role in more than one disease. This way we can identify those pathways and try to fix those genes which
were causing a disturbance in those pathways, which will be very helpful in treating those groups of diseases at
the same time.
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