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Abstract

Unraveling the relationship between disease phenotypes and disruptions in the
underlying cellular functions is an important challenge of contemporary biology
and medicine. The traditional approaches to study disease focus primarily on
individual genes or proteins related to certain phenotype. Gene-based approach to
establish factors that predispose an individual to disease, involved identification
of specific genetic defects and single nucleotide polymorphisms and copy number
variations. These approaches, though successful, are insufficient since function of
various cellular components is exerted through intricate networks of regulatory,
metabolic, and protein interactions. On the other hand, the systems biology-based
network approaches can facilitate the development of better diagnostic markers
and the discovery of core alterations for human complex diseases by system wide
analysis on disease diagnosis and the identified disease-responsive genes and
modules. Complex diseases result from variations in a large number of correlated
genes and their complex interactions rather than by alterations in individual
genes. Systems network biology approaches enable investigation of complex
interdependencies among a cell’s molecular components, to identify significant
underlying relationships between apparently distinct disease phenotypes. Such
approaches can further facilitate the development of better diagnostic markers and
the discovery of core alterations for human complex diseases by system wide
analysis on disease diagnosis and the identification of disease-responsive genes
and modules.
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6.1 Introduction

The discovery of genes and genetic modules that drive disease has been enabled by
study of biological networks. Systems biology aims to investigate multiple biomo-
lecular components and their dynamical behaviors to understand nonlinear
interactions that characterize phenotypic alterations leading to complex etiologies
of multifactorial diseases such as cancer, diabetes, Alzheimer’s disease, etc. The
study of complex diseases using traditional approaches such as genetic studies was
difficult as multiple factors such as genetic, epigenetic (e.g. environmental factors),
cells, and tissue types, and their interactions are involved in the occurrence and
development of complex diseases. Furthermore, additional difficulty arises from
disruption of normal behaviors of the complex molecular networks of genes and
proteins resulting in molecular defects associated with complex diseases. Therefore,
for understanding complex diseases, a new paradigm of systems network biology
has emerged in view of the availability of large-scale genomic, transcriptomic,
proteomic, and metabolomic data that has enabled the identification of risk factors
of complex diseases, personalized medicine, and so forth.

Traditional classification of diseases was mainly based on the observed and
correlation between pathological analysis and clinical syndromes, which has been
widely recognized to have shortcomings on sensitivity and specificity (Loscalzo
et al. 2007). In contrast, the network-based systems biology approach can facilitate
the development of better diagnostic markers and the discovery of core alterations
for human complex diseases by system wide analysis on disease diagnosis and the
identified disease-responsive genes and modules (Gijsen et al. 2001).

Network systems biology has facilitated the investigation of complex diseases
and their co-occurrence by using all available molecular interaction and ontology
data. It is necessary to study disease comorbidities as it is a major problem at the
clinical level as it results in the increase in the patient mortality and also complicate
the choice of treatment strategies. Furthermore, comorbidity cases are typically
associated with polypharmacy (the use of multiple drugs), which can decrease
treatment efficacies and can cause unexpected adverse effects, further adding to
the disease spectrum in a given patient (Von Lueder and Atar 2014).
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6.2 Systems Network Biology Perspective to Study Disease
Co-occurrence

Biomolecular networks are integral parts of cellular systems and play a fundamental
part in giving rise to life and maintaining the homoeostasis in living organisms.
Complex diseases are believed to arise from the dysfunction of these networks rather
than single components like genes or proteins (Erler and Linding 2010).

The availability of high throughput genomic, transcriptomic, proteomic, and
metabolomic data provides the opportunity to investigate the essential mechanisms
by biomolecular networks, in which each node is a biological molecule, and each
edge represents the dysfunction interaction or association of a pair of molecules
related to disease complex diseases. Hub proteins in PPI networks correspond to
essential proteins having a higher probability of involvement in the disease (He and
Zhang 2006). Therefore, the omics datasets can be integrated into higher level
understandings of a disease process. There exist various biomolecular networks,
namely, protein–protein interaction network [PPIN], gene regulatory network
[GBN], metabolic network [MBN], and signal transduction network [STN]; these
networks interacts with each other to build complex network of interactions
(Hu et al. 2016). The human genetic interactions are one of the most important
predictors of a link between diseases. Any malfunctions observed in these networks
can indicate a presence of disease phenotype.

6.3 Analysis of Disease Co-occurrence Using Biological
Networks

The study of disease similarities can provide information of etiology, common
pathophysiology, and/or suggest treatment that can be appropriated from one disease
to another (Butte and Kohane 2006). Different diseases in the same disorder class
may exhibit concordance in protein networks and biological processes, which can be
viewed in terms of a “diseasome.” To investigate comorbidity between diseases,
various types of information such as genetic, symptomatic, and phenotypic in
association with penetrance models and medicare data have been used (Rzhetsky
et al. 2007; Suthram et al. 2010; Mathur and Dinakarpandian 2012).

Two important computer languages, viz., R (Team RC 2013) and python (Van
Rossum and Drake Jr 1995), provide a programming environment for detailed, data-
driven biological network analysis and visualization. Many packages are easily
downloadable from bioconductor using R platform such as “neat” (efficient network
enrichment analysis test) (Signorelli et al. 2016) Version 1.2.1 that integrates gene
enrichment analysis (GEA) tests with information on known relations between
genes, represented by means of a gene network. Clustering biological functions
using gene ontology and semantic similarity can be performed using ViSEAGO
(Brionne et al. 2019). Online open source software cytoscape (Shannon et al. 2003)
can be used for integrating biomolecular interaction networks with high-throughput
expression data to decipher the associations among protein-protein, protein-DNA,
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and genetic interactions. RCytoscape (Shannon et al. 2013) merges the powers of R
and Cytoscape, thereby resulting in a synergistic tool that combines statistical and
data handling facilities with the powerful network visualization and analysis
capabilities of cytoscape software.

Another common observation is that a complex disease may lead to the appear-
ance of another phenotype through physiological changes referred to as pleiotropy.
Example it has been reported that patients with type 1 diabetes mellitus having
hyperglycemia can develop diabetic retinopathy. Thereby treatment of DM (Type I)
can prevent the occurrence of the complications associated with it. However, this is
not the case when two or more diseases are co-occurring owing to shared genetics or
shared diseased pathways. Therefore, it is important to identify the underlying
pathways using phenome-wide association studies (PheWAS) that detect genotype-
to-phenotype associations by combining and linking genotype data with detailed
clinical data from health records (Denny et al. 2013; Bush et al. 2016). Genome-wide
association studies (GWAS) can be used to detect pleiotropic risk variants, while
studying comorbidity of diseases, which may not otherwise be found in single-
disease studies (Ellinghaus et al. 2016). BUHMBOX (Bellou et al. 2020; Gao 2020)
is one such online tool that can distinguish between pleiotropy and heterogeneity
where the latter refers to misclassification in which a subgroup of cases in one
disease is genetically identical to another disease (Ellinghaus et al. 2016).

To understand complex relationships between multifactorial diseases in a popu-
lation, a systems network biology approach involving computational biology helps
to elucidate their underlying common factors. Some of the approaches are as
follows:

6.3.1 Using Protein-Protein Interaction to Study Diseases

Proteins interact with one another to form physical or functional interactions, and
any perturbations may alter the interactions causing disturbance in the biological
functions and leading to one or more diseases. Therefore, studying protein-protein
interactions (PPIs) can help us interpret the underlying mechanism of a disease and
its relationship with other diseases (Baudot et al. 2009).

Studying the co-occurrence between two or more diseases involves construction
and analysis of the PPIs. The PPIs can be retrieved from two types of databases:

1. Primary PPI databases such as MINT and InAct that contain data from the
experimental evidence in the literature and use a manual curation process.

2. Metadatabase or a predictive database that include STRING and UniHI, which
use the interactions defined in primary databases to computationally predict and
refine the interactions.

The PPI data retrieved from the databases can be visualized and analyzed using
various bioinformatics tools like Cytoscape, NAViGaTOR, POINeT, Gephi, and
Pajek (Leong et al. 2013). These network analysis tools have the ability to take data
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from varied sources. They perform various analysis using different algorithms to
identify various critical hub nodes that may be responsible for various diseases along
with gene ontology (GO) annotations by various plugins such as BiNGO and
ClueGO, which use gene ontology (GO), Reactome, and KEGG annotations
(Maere et al. 2005; Bindea et al. 2009; Kanehisa et al. 2017; Fabregat et al. 2018).

6.3.2 Using Gene-Gene Interaction Networks to Study Diseases

Gene products, i.e., the proteins, work together to perform a particular task. One of
the important genetic interactions is that between the genetic variants, which can be
lethal or have a suppressor effect. It is important to study the complex networks of
these genes to understand the complexity of the diseases and their co-occurrence
(Bebek 2012). Co-expression networks of the genes can be constructed to study the
correlations between the expressions of the different genes (Cho et al. 2012). Like
the PPI data, analysis of gene-gene interactions also involves the retrieval of genes
from the databases such as gene database (NCBI), KEGG or WikiPathways,
BioGRID, IRefIndex, and I2D (Zuberi et al. 2013). This is followed by building
an analysis of a gene-gene interaction network using various bioinformatics tools
like Cytoscape application GeneMANIA and CytoCluster (Zuberi et al. 2013; Li
et al. 2017).

6.3.3 Pathway Enrichment Analysis or Functional Enrichment
Analysis

Pathway enrichment or functional enrichment aids in achieving deep biological
insights of the functional roles of the proteins, genes, and metabolites from multi-
omics datasets by comparing the activity of the pathways or biological processes of
interest in two or more states or cohorts to be compared. Three approaches for
pathway enrichment are as follows (Paczkowska et al. 2020):

1. Over-representation analysis approach gives information about the number of
genes in each pathway and whether the pathway is upregulated or downregulated.
MetPA is a software based on this approach (Khatri et al. 2012).

2. Functional Class Scoring Approach uses all available molecular measurements
for the analysis of the genes. An example is gene set enrichment analysis (GSEA)
software that analyzes set of the genes that are differentially expressed, which can
later be visualized using EnrichmentMap plugin in Cytoscape (Khatri et al. 2012;
Reimand et al. 2019; Subramanian et al. 2005).
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6.3.4 Disease-Gene Interaction

Disease-gene networks can be used to identify the dysregulated genes of a particular
disease that are responsible for causing other diseases too. DisGeNET is a repository
that contains information about genes, genetic variants, and their interaction with the
complex human diseases including Mendelian, environmental, and rare diseases
(Bauer-Mehren et al. 2010). DisGeNET integrates data from expert curated
repositories, GWAS catalogues, animal models, and the scientific literature. The
information provided in it is accessible through a web interface, a Cytoscape App, an
RDF SPARQL endpoint, scripts in several programming languages, and R package
(Piñero et al. 2016). The information retrieved can be used to decipher information
of a gene and its cross-talk with the other diseases.

6.4 Identifying Critical Hub Proteins and Probable Therapeutic
Targets

In the omics era, the study of interconnections amongst genome, transcriptome,
proteome and metabolome using systems biology approaches has led to increasing
awareness of complex diseases and their comorbidities. Studies based on the systems
network biology approaches revealed genes that frequent between breast and bone
cancer were found to be enriched in various signaling pathways such as cell cycle,
transcription misregulation in cancer, p53 signaling, breast cancer, integrated breast
cancer, FOXO signaling pathway, and DNA damage pathways, thereby indicating
that they may be responsible for common molecular origin of these cancers
(Sahrawat and Kaur 2017). Another study identified common molecular signatures
and pathways that interact between inflammatory bowel disease and colorectal
cancer, and the indispensable pathological mechanisms revealed 177 common dif-
ferentially expressed genes (DEGs) between the two diseases (Al Mustanjid et al.
2020). Using a systems biology network approach involving PPI network analysis,
critical protein was identified, viz., HSPA8/HSC70, which could be targeted to affect
the regulation of CFTR (cystic fibrosis transmembrane conductance regulator),
which is mutated in cystic fibrosis (Sahrawat and Bhalla 2013). The genes and
their protein products may act as potential biomarkers for early detection of predis-
position to co-occurrence of diseases and potential therapeutic targets based on the
common molecular underpinnings of comorbid diseases such as diabetes, depres-
sion, and cardiovascular disease (Sahrawat and Talwar 2020) and age-related
diseases such as Alzheimer’s disease and diabetes for better understanding of
pathophysiology (Sahrawat and Dwivedi 2020).Thus, systems biology approach
may hold great promise to identify probable therapeutic targets for diseases that
are comorbid.
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6.5 Concluding Remarks

In systems biology, the individual molecules of the biological systems do not exist in
isolation. On the contrary, they work in conjunction with one another to produce a
specific phenotypic pattern specific to a given cell type. Study of bimolecular
networks using systems biology approaches can be used to identify biomarkers
and critical control proteins that can play an important role in the understanding
disease etiologies and design treatment regimens for diseases that are comorbid due
to the common genes/proteins in the pathways of complex human diseases. The
elucidation of such common genes/proteins in comorbid diseases can go a long way
for better quality treatment for the patient in a timely manner.
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