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Abstract - Nowadays, huge amounts of data are generated
experimentally in systems biology as well in clinics and other
healthcare and medical institutions. This has resulted in the
emergence of new concepts: big data and NoSQL databases that
are becoming more popular and promising especially for
analyzing complex interactions that exist in biological networks.
These heterogeneous and voluminous data, which are usually
semi-structured or unstructured, highly connected and
unpredictable, need to be integrated and stored properly. With
the growth of data size and data complexity, NoSQL databases
have outperformed traditional relational databases for analysis,
access and querying. Particularly, to represent various complex
relationships among entities in physics, in biological, social and
computer networks, graph-based databases are very suitable.
These databases are appropriate to represent, store and query
heavily interconnected data, especially for large-scale network
data that exist in biology. This paper describes the biological
and other networks in biomedicine and surveys the most widely
used graph databases and software tools and packages and their
properties. Additionally, the portraying, analyzing and
querying of biological networks are described. The analysis of
the biological networks results in gaining very significant
insights into the relevant information for the biological
processes, such as diseases, interactions and regulatory
mechanisms that occur in biological networks, as well as
studying their properties.
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I. INTRODUCTION

Nowadays, a huge amount of heterogeneous healthcare,
medical and biological data are generated constantly. These
data have big data properties and can be structured, semi-
structured and unstructured, so the standard relational
databases are not suitable to store and manage them [14]. To
discover knowledge contained in various omics data, such as
genomics, proteomics, metabolomics, transcriptomics,
lipidomics, epigenomics, microbiomics, and immunomics
data, the graph-based database can be used.

While standard relational databases are optimized to deal
with aggregated structured data stored in tables with
predefined relationships between them, graph databases are
appropriate to deal with highly connected data [12]. A graph
database has a flexible schema and it can store, manage, and
update data and relationships. Differently from the tabular
results of SQL queries, graph query languages like Cypher
enable the results to be shown as graphs and/or tables.

There are various applications of graph theory in
computer science such as cryptography, coding theory,
human brain networks, image processing, image
segmentation, information retrieval, social networks analysis,
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robotics, data science, pattern recognition [2], computer
networks, complex networks, web pages ranking, algorithms,
bioinformatics, computational biology etc.

Graph theory and methods of network analysis in the past
few decades were shown to be effective when applied to large
voluminous biological system data to discover meaningful
information and knowledge [8].

A network (graph) is a collection of vertices (nodes)
representing the particular subunits of the system and edges
(arcs), representing the interactions among nodes. When
values to the network’s edges are assigned, a weighted
network is obtained. In a signed network these values can
have either positive or negative weights. Directed networks
have directed edges. Multidimensional networks cover
various types of connections among nodes. Moreover, labels
and categories can be added to the network’s nodes. The
clustering coefficient of the network is defined as the ratio of
the existing triangles (triples of nodes all connected pairwise
with edges) and the number of potential triangles [1].
Regarding the network model, the network graphs are
categorized as random, Erd6s—Rényi, lattice, small-world
and scale-free graphs. In biological and medical systems
numerous high-order relationships cannot be covered by
binary measures. These networks can be described by
hypergraphs with hyperlinks among their nodes [1].

Understanding the fundamental diseases processes
requires an integration of various heterogeneous data and
then the study and representation of the complex interactions
that exist between different biological entities [13].

The rest of this paper is structured as follows. Biological
and biomedical networks and their properties are highlighted
in Section Il. The subsequent section describes the widely
used graph databases and software tools for analyzing and
querying biological networks. The last section provides
discussion and directions for further work.

Il. BIOLOGICAL AND BIOMEDICAL NETWORKS

There exist a wide variety of biological network data and
numerous available public databases, that organize and
provide data to the researchers, medical doctors, specialists,
practitioners, and decision-makers in the healthcare
institutions. As data amounts increase, the data and their
relationships become more complicated, and using standard
relational databases is not appropriate. On the other side,
graph-based databases enable the causal relationship between
biological and medical entities in the networks. For instance,
when the causal relationships between particular diseases are
depicted in graph-based databases, further deterioration of
those diseases can be prevented in time [6].



Biological data represented by networks enable
visualization and analysis of various phenomena such as
drug-target interactions, diseases’ spreading as well as
evolutionary relationships between species [11]. Networks
that modeled the association between different biological
entities are usually portrayed by using bipartite networks.
Integration of bipartite and general network portrayal is used
to relate multiple types of networks into one complex, multi-
relational and heterogeneous network. The most commonly
used biological networks are protein-protein interaction (PPI)
networks, genetic interaction networks,
gene/microRNA/transcriptional regulatory networks, cell
signaling networks, metabolic networks, disease-disease
association networks, and heterogeneous biological networks
as shown in Fig. 1.

To exploit medical and biological big data, network
theory provides efficient tools [1]. Biological networks cover
experimentally  identified physical and functional
interactions; computationally and statistically inferred
relationships; evolutionary associations based on protein co-
evolution, domain families and sequence homology; and
functional associations and ontologies representing
systematized knowledge [2].

To identify specific sub-networks or interactions involved
in specific pathways or to retrieve neighbors of a specific
network node, querying interfaces are used [2]. To study
biological and biomedical networks, network properties like
graph diameter, node degree distribution, centrality
measures, network motifs and graphlets, link prediction,
community detection, and clustering coefficient should be
considered [13].

Moreover, specific network algorithms like community
detection and network motif discovery algorithms are very
appropriate to be applied to graph databases. A community is
a subgroup of a network whose internal connections are much
denser than external connections [9]. Identifying such
communities can be essential for evaluating group behavior,
discovering emergent phenomena, visualization, identifying
network sub-clusters, and comprehending network structure.

Network medicine, as an approach to understanding
human diseases from a network theory, has achieved
significant results in the last decade. Also, the study of
diseases as non-isolated elements and the understanding of
how they relate to each other is crucial to insights into
pathogenesis and etiology. The complete sequencing of the
human genome at the beginning of the 21st century was a
revolution in the study of the relationships between diseases.
When the graphs provide a combination with the growing
availability of transcriptomic, proteomic, and metabolomics
data sources, it was clear that this will improve the
classification of diseases [16]. As a part of the medicine
network, the disease network succeeds to reveal hidden
connections among apparently unconnected biomedical
entities such as diseases, physiological processes, signaling
pathways, and genes as an intuitive pathway for visual data
understanding. Some researchers pointed out benefits from
the identification of new opportunities for the use of old
drugs, known as drug repurposing [16] which is important
taking into consideration decreasing costs for regulatory
purposes as well as the time for new drug registration.

Many researchers investigate some points connected with
biological and medical networks, considering their ability to

query and visualize data from a graph-based database. Some
researchers proposed using directed disease networks to
facilitate multiple-disease risk prediction [15], proposing a
new framework that combines directed disease networks with
system techniques to enhance the prediction risk assessment.
The proposed model takes into account multiple-disease risk
assessment scores for different diseases based on the patient’s
medical history as a recommendation system where input is
the medical record of the patient and output is a list of ordered
diseases with a fixed length, depending on the needs of
medical experts, professionals or patients. They use ICD-10
(the 10th revision of the International Statistical
Classification of Diseases and Related Health Problems)
classification but aggregated in DALY (disability-adjusted
life year), a comprehensive metric of disease burden designed
by the World Health Organization [15].

Human disease and health networks can be used to
quantify the contagion effects, sometimes denoted as
spillover or influence effects [17]. The estimation and
identification of the contagion effects can be important taking
into account understanding the spread of human disease and
health behavior as well as various implications for creating
effective public health interventions. Disease and health
networks also can be used together with traditional statistical
analysis and several state-of-the-art statistical methods [17]
to quantify some advancements and remaining challenges of
cognition effects together with some diseases.

To explore medical data focused on the analysis of drugs
for different diseases with complex network analysis, graph-
based data are used in [18]. They used the drug as a node, the
relationship as an edge connecting the two nodes, and the co-
occurrence frequency of the drug, as the weight of the edge
to establish a network graph. The clustering algorithm of the
weighted network graph was used as the center of a diffusion
method combined with the network topology and the edge
weights. The purpose is to divide the network graph into
communities, where Clustering Algorithm on Weighted
Networks (SCW) is used to study the medical prescriptions.
The SCW community classification algorithm is used also to
analyze the association relationship between treatment and
medicine in medical case data. Due to research of case study
data, the commonly used medicine combination rules are
used, conducive to assisting medical diagnosis [18].

Graph databases are also used to represent and create
models of biological networks that provide a framework for
comprehension of disease by depicting the relationships
between the mechanisms engaged in the biological
processes’ regulation. An example of such a network
consisting of a set of 46 biological networks relevant to lung
and chronic obstructive pulmonary disease is described in
[19] [22]. The network is built using Biological Expression
Language (BEL) with detailed information for each node and
edge, including supporting verification from the literature.
The mentioned network scoring contains public
transcriptomic data for some subset of mechanisms and
networks that correspond to the measured outcomes. The
obtained results are used to identify novel mechanisms that
activate disease, compare different treatments and time
points, and permit the assessment of low signal data. Some
toxicology and drug discovery applications already use the
network [19] [22].



(a)
gene—gene interaction

network network

8

+ gene projection

8 d,
153 ¢
€ \ &
43 (
8
55
d;
8 ¢
¢ >
87 dy \(‘
ds

8

disease—disease association

(b)
gene—gene interaction
network 1

8

8 ‘ d
&
&I & &s
8 L &7 gb‘ &

gene—gene interaction
network 2

8

s
=

N ¥

integrated
network

Fig. 1. a) Heterogeneous networks consisted of a gene-gene interaction network (blue), a disease-disease association network (red) and a gene-disease
association network (black edges); b) homogeneous gene-gene interaction network [23].

Many examples show the increased usage of drug-target
and disease networks to increase the comprehension of
complex diseases and the concept of a new “multi-target,
multi-drug” model that aims at systemically modulating
multiple targets [20]. Identification of the interaction between
drugs and target proteins plays an essential role in the process
of genomic drug discovery and development. The aim is to
discover novel drugs or novel targets for existing drugs due
to the demanding and costly experimental process of drug-
target interaction prediction and provide beneficial
information for supporting experimental interaction data. In
postgenomic drug discovery, the large-scale integration of
genomic, proteomic, signaling and metabolomics data can
provide helpful information to construct complex networks
of the cells that are capable to increase the understanding of
physiological or pathophysiological states on a molecular
basis. The authors in [20] have constructed an emerging
model of poly-pharmacology in the postgenomic era that
states that drug, target and disease spaces can be correlated to
study the effect of drugs on different spaces and their
interrelationships can be utilized for designing drugs or
cocktails which can functionally target one or more diseases.
They also state that it is possible to create a computational
platform that will integrate genome-scale metabolic
pathways, protein-protein interaction networks, and gene
transcriptional analysis, to build a thorough network for
multi-target multi-drug discovery [20].

I1l. SOFTWARE TOOLS FOR ANALYZING BIOLOGICAL
NETWORKS

When data sets become very large and complex, current
software tools for graph-based analysis and querying are
appropriate to handle the numerous nodes and edges in the

networks as well as to represent them in a suitable layout and
format. Relational databases use tables to store and manage
data, as well as to interact with the data by using structured
queries. Relational databases store data in a predefined static
schema with a low ability to adapt the database to the new
data types and formats. Besides their low horizontally
scalability, they show deficient performances when working
with large datasets and big data. Differently, graph databases
are very suitable to store highly variable data in graph format
and querying on multiple levels the relationships between
instances [7]. Numerous heterogeneous biological and
healthcare clinical data, especially those data are structured
as networks and/or ontologies, are very suitable to be stored
in the graph databases such as Neo4j, AllegroGraph,
Datastax, Apache Giraph, AnzoGraph DB, Hypergraph DB,
RedisGraph, TigerGraph, etc.

More enlightened queries require integration of multiple
networks and employing either suitable developed algorithms
or software for analysis and visualization, like Cytoscape and
its plugins, or using network libraries or packages like SNAP
and igraph [2], as well as Graphviz, Payek, NodeXL, Gephi,
Graphia and BioLayout [11]. To explore biological networks
and to provide use of multiple database sources, several
platforms such as UniProt and NDeX are developed.

A web portal with an integrated database, that contains
genomic and transcriptomic data and analysis tools, named
OmicsDB::Pathogens was developed [4]. This database
explores functional networks, searches genomic data and
inspects and compares biological networks across multiple
species. OmicsDB stores the high-throughput and other
biological networks data mostly in the graph-based database
Neodj. Neodj is based on a property graph model, where



key/value properties can be associated with the vertices and
edges. For querying the network/graph, Neo4j uses its query
language Cypher [4]. Cypher enables to query the graph
paths.

Angles et al. have proposed a conceptual model to
represent protein-ligand interactions and developed a
bioinformatics web tool entitled GSP4PDB [5]. This tool
provides visualization, searching and exploring protein-
ligand structural patterns within the Protein Data Bank.
GSP4PDB employs a PostgreSQL database to store and
manage protein data.

By running network queries, users can discover novel
knowledge and new insights on clusters, associations and
relations that exist in the datasets. The main disadvantage of
Neo4j is the difficulty in creating relationships between node
labels when working with a graph consisting of more than 10
thousand nodes [7]. Neo4j graph algorithms and its Cypher
query language are suitable to find the shortest network route,
determining the centrality and community detection.

Neo4j is used for protein-protein interface identification
by transforming information about protein complexes from
Protein Data Bank (PDB) into Neo4j graph data in [10]. The
obtained knowledge about protein-protein interactions can be
used to identify inhibitors, that might prevent the formation
of interaction and thus restrict the protein complex
functionality, and this knowledge is also relevant in drug
design.

Many researchers used the Neo4j graph database for
building and querying prototype networks to provide
beneficial biological understandings. The researchers used
the Neo4j in the context of asthma-related genes [21].
Specifically, systems biology experiments produce large
amounts of data of multiple modalities. These data present a
challenge for integration due to a combination of complexity
together with rich semantics. The graph databases provide an
important framework for storage, querying and visualizing
biological data on the example of asthma-related genes in
[21]. Graph databases enable an adaptable solution for the
combining of multiple types of biological data and speed up
exploratory data mining to support hypothesis generation
[21]. Neo4j performs quite well when applied to small query
graphs. However, Neo4j has shown that the queries for
subgraph matching, for relatively large databases with an
increasing number of edges, are not very well optimized [10].

IV. DISCUSSION AND FURTHER WORK

Recent advances in high-throughput technologies, as well
as ICT, enable a huge volume of biological, medical,
healthcare and biomedical data to be created. To store,
analyze and query these heterogeneous datasets, the graph-
based database model is very promising. As further work,
more software applications, packages and tools based on
graph databases should be developed. Graph databases can
improve the network analysis, particularly the
comprehension and reveal of the interactions between
different biological, biomedical and other entities, usually
using multiple networks. Graph databases are very suitable
for representing biological and biomedical data that are
usually highly connected, semi-structured and unpredictable.
Considering the growing volume and complexity of the data,
the development of effective computation methods and
algorithms for data integration, analyzing and querying,
particularly for large-scale networks and heterogeneous

networks, as well as introducing standardization assessment,
are still challenging tasks.
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