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Abstract. Nowadays, data integration methods have been widely used to build models and to represent
interactions between the data. They are showing high efficiency. Recent technologies permitted the research
community to perform complex analysis on cell structures and it’s functioning system. The tremendous
amount of data collected from a biological system encouraged the exploration of new hypothesis. However,
the manipulation of heterogenous data require additional efforts to find the model that handles perfectly data
of different type. In this paper we present our method to create a unified model and to integrate gene-disease
interactions. We will talk about stat of the art methods in data integration, and how we built our network
based on omics layers. Moreover, we will present the overall framework we followed to extract important
interactions by visually interpreting the generated graph, and the betweenness centrality of nodes. We
compared our findings to the medical literature to explain the topology of our generated network. Some
genes revealed as important nodes due to the fact holding many interactions and being connected to several
syndromes.

1 Introduction
A biological system is a complex structure composed of
distinctive molecules. Recent advances in biology
stimulate the extraction of diverse functional aspects of
cells which are represented in omics layers. This allowed
scientists to better understand chemical reactions and the
functional relations between the different components in
a biological system. In addition, it supplies the analysis
of the different interactions among Omics layers.
Numerous technological tools; essentially microarrays,
RNA sequencing tools [1–9], played a valuable role in
the construction of various types of omics layers. For
example, the genes in a genome layer show all the
interactions between gene-gene entities it also describes
outer interactions with the phenotype layer. A join
analysis of separate Omics layers is essential to
understand the functional interactions.
Networks allowed researchers to represent aspects of
cells in a mathematical structure. It is a powerful tool
that shows how different components interact with each
other to accomplish their functional tasks. Nodes and
edges are the essential units of a network. Nodes can be
of diverse types, and edges can be directed or undirected,
and used to link multiple nodes within a graph.
Additionally, edges may be weighted to represent a
specific aspect of the interaction. biological networks
empowered studies of biological aspects from a system
level perspective. Some networks handle information’s
about evolution and interactions of species; as example
of these networks the protein-protein interactions

network (PPIs) which convey data about how proteins
collaborate together to perform their activity inside a
cell. A commonly used repositories that stores PPI
networks are BioGRID, MINT, BIND [10–13].
Sequence similarity networks (SSNs) are another type of
biological networks which involve entities about proteins
or genes, and the links representing the sequence
similarity among nucleotide sequences. most powerful
techniques used to obtain the sequence similarity are the
LAST, BLAST and FASTA3 algorithms [14–16].
Metabolic interaction networks (MI) carry biochemical
activities that contribute in the conversion of a
metabolite to another [17]. Epidemiological networks are
manipulated in public health to better study the spread of
diseases (e.g., Covid-19) [18,19].

2 Data integration
Data integration methods handle diverse data coming
from diverse sources to create a unified model. In the
field of biology data integration can be used to generate
a unified model for biological networks based on
disparate Omics layers [27,28]. In network analysis, data
integration can be divided into homogenous integration
which deals with networks having same type of nodes
but edges are of diverse types. Or heterogenous
integration which concerns networks with diverse type
of nodes and edges. Some examples of methods used in
data integration are Network-based methods; which are
very simple and used most of the time. A commons way
they use to build an integrated graph is to merge edges of
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all networks to the same set on nodes [20]. Other
approaches rely on the adjacency matrix; by creating a
weighted sum of the adjacency matrix of the wanted
networks. Bayesian networks methods are founded on
the concept of probabilities and graph theory; usually
entities are random variables while the links are directed
and show conditional probabilities among the variables
[21]. Kernel based methods which are more
sophisticated and complex. They go to the category of
machine learning approaches and represent the data to a
feature space to be then represented by a kernel matrix
[22].
Our methodology relies on network-based methods
to construct an integrated network. Figure 1 shows the
overall framework we followed. We first inferred our
data from different public data sources manly
DisGeNET database, we oriented our data collection to
sources containing curated human genes and variant
disease interactions. In addition, the DisGeNET database
offers some useful metrics about gene-disease
interactions; such as scoring the interactions based on
their evidence level, which enables ranking the
interactions from strong to weak associations. The
computed score is calculated for (GDA) gene-disease
association as well as (VDA) variant disease association.
We then represented the mined data into two Omics
layers which are genomic layer and disease layer. The
genomic layer shows all the characteristics of genes. It
identifies the functional aspects of a gene alongside its
relationships with other genes and diseases. The disease
layer identifies phenotypes of a disease together with its
linked diseases.
To build an integrated network that shows the
interactions between genes and diseases we relied on the
standard identifiers available in the public data sources
to correctly map the data. Additionally the biodb.jp
helped us to find the hyperlink among major biological
databases when no identifier is found.
Fig. 1. Overall framework we followed to build Gene-Disease
interactions graph.

3 Biological graph representation
There is several metrics of a graph that play an important
role to better understand the data. Measures such as: the
degree of a node, the distance between entities, and
clustering coefficient can provide new insights and help
researchers to make new hypothesis. For example, nodes
with a higher degree connection should be given higher
attention and be more studied in particular. Likewise, the
diseases related to multiple genes may indicate a
potential interaction between those genes. The topology
of a network interests several measures; mainly node
degree, centrality, betweenness, cluster coefficient, and
shortest path. Additionally, the modularity which deals
with the identification of clusters that may denotes
molecules functionally linked to perform a certain task.
Graph algorithms are analytical tools used to analyze
the interactions and establish the strength between
entities that we manipulate. They also enable a pairwise
relationship among the entities and the structural
characteristics of a graph. In our work we have used the
vis.js network javascript library (https://visjs.org/). It is a
powerful tool to render a network for up to a few
thousand nodes and edges. It handles a large amount of
dynamic data, and facilitate the interaction and the
manipulation of the data. The visualization supports
custom shapes, styles, colors, sizes, and images when
rendering a network. It also supports clustering to handle
a large number of nodes, Moreover, it supplies APIs
(Application Programming Interface) to handle the data
with its hierarchical positioning. The network will use a
force-directed drawing algorithm, named Kamada Kawai
for initial layout. Its aim is to place the entities of a
network in a dimensional space in a manner that all links
are of more or less equal length, and there are as few
crossing edges as possible. We interested to path
analysis to establish the shortest distance between two
nodes, and to connectivity analysis which helps to
determine the strength of interconnected nodes;
additionally, centrality analysis which helps to estimate
the importance of a present node within the graph and its
connectivity to others. This helps understand the most
influential node and the connection it accesses.

4 Results and discussion
We’ve been able to collect a set of interactions between
genes and diseases from public databases mainly
DisGeNET. It stores curated human being gene-disease
interactions. The process of collection stores the mined
data into different Omics layers based on their type and
structure. Then the interactions from each layer are
mapped into a single set of nodes to create our genedisease interactions; which we named GDI graph.
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Fig. 2. Gene-Disease interactions (GDI).

related to FGFR3 (fibroblast growth factor receptor 3) are
mostly syndromes that involve thanatophoric dysplasia,
achondroplasia, and hypochondroplasia [23]. Another
important gene in our graph is the GATA4 gene which also
have the second higher node degree with 487 links. It has been
reported that a heterozygous G296S missense mutation of
GATA4 is responsible of atrial and ventricular septal defects
and also pulmonary valve stenosis in humans. GATA4 encodes
a cardiac transcription factor, which may result in cardiac
bifida and lethality by embryonic day (E)9.5 [24] when deleted
in mice. We should also mention that the network holds some
disease nodes that are linked to several genes; as an example
Epilepsy, It is a neurological disorder that is related to
abnormal activity in brain, causing seizures or periods of
unusual behavior, sensations, and sometimes loss of awareness,
additionally to other phenotypes. The causes are in some cases
genetic, but in most cases they are not identified [25], within
our GDI graph we found that the Epilepsy is linked to several
genes such as FGFR3, GATA4 and MTR genes. Therefore
these important nodes should be further investigated. Jie Wang.
et al in their research article [25] about finding Epilepsy
associated genes found 977 genes related to Epilepsy which
they grouped into categories based on the manifestation of
epilepsy’ phenotype. They also discovered it is associated to
the genes we found in our GDI graph. Therefor further
attention should be provided to the associated genes due to the
fact of their presence in multiple diseases. It has been known
that activating mutations in the FGFR3 gene are responsible for
several autosomal dominant syndromes; which have been
found to be present in cancer. Moreover, CATSHL syndrome,
characterized by pamprodactyly, tall stature and hearing loss, is
caused by loss-of-function mutations of FGFR3 gene [26].
Based on the medical literature we could explain why the
FGFR3 gene has several connections with different syndromes
and diseases inside our GDI graph; which shows the
importance of graphs for the analysis of such interactions.

Figure 2 shows our GDI graph, genes are represented by
orange circles while diseases are blue boxes. A link is drawn
between a gene and a disease when an interaction is identified
between gene-disease entities. Also, the size of a gene node is
reflected by the in-degree node; so that big nodes have higher
node degree. The visualization of the network is performed
with the vis.js library; At first the visualized networks is very
dense; however, we can easily determine some sub graphs
inside it. Besides some nodes are being highly connected than
others which may present some interconnected sub graphs
within the GDI graph. We interested to the betweenness
centrality to provide significant insights about the manipulated
data, and helps extract the important nodes within our network.
Graph analytics are hence easier to work with than the
traditional techniques being used. Just by representing the data
in a graph we could have insights about the interactions.
Laying out the graph is a crucial stage in network analysis that
makes the graph more intelligible and easier to understand, our
main goal of these analysis is to show that the use of graphs
can help to extract important interactions between genes and
disease. Our network is being very large and complex, for that
reason we provided Figure 3, it shows another version for our
GDI network which is zooming into some important nodes that
we are going to talk about and explain.

5 Conclusion
In this article we explained how network analysis help the
researcher community to extract hidden information’s from
gene-disease interactions. We first used data mining techniques
to collect gene-disease interactions from multiple sources. We
represented the different interactions into Omics layers. Using
data integrations methods, we have been able to build a
network of interactions between genes and diseases. by
representing the network, we successfully extracted some
important nodes, mainly genes with a high node degree like
FGFR3 and GATA4 which should be further investigated.

Fig. 3. A light version of our Gene-Disease interactions (GDI)
network, zooming into some important nodes (e.g., Epilepsy,
FGFR3 …).
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