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23.1 Introduction to biological networks

Biological networks are a mathematical depiction of an organization wherein subunits are linked into a whole and are
found in physiological, ecological, and evolutionary studies. Nodes and edges are the basic units of biological networks
wherein nodes correspond to the type of information being depicted in the network, which can be genes, proteins, meta-
bolites, neuron, species, etc., and edges represent a pattern of interaction, for instance biochemical reaction, synapse,
metabolic directionality, regulatory relationship, and energy transactions among others. Major types of biological net-
work that have been widely investigated in detail include ecological network, gene regulatory network (GRN), gene
coexpression network (GCN), protein—protein interaction network (PPIN), metabolic network, and cellular signaling
networks (Sonawane, Weiss, Glass, & Sharma, 2019). Biological networks are dynamic, conserved, modular, and orga-
nized in a hierarchical manner (Wang & Zhang, 2007). They are robust to small perturbations but exhibit vulnerability
at essential nodes (Azevedo & Moreira-Filho, 2015). They are constructed by using one or a combination of methods,
which includes manual curation of scientific literature, high-throughput datasets, and computational predictions.

With the advent of high-throughput sequencing technologies along with advancement in bioinformatics tools and
techniques, the spotlight is shifted from individual entities, such as genes or proteins, to large-scale interaction networks
often referred to as -omes, that is, biome, interactome, genome, and proteome (D’Argenio, 2018). Network biology
amalgamates biological omics data (genomics, proteomics, metabolomics) and biological interactome [protein—protein
interactions (PPIs), gene—gene associations] and employs statistics, mathematical modeling as well as graph theory to
decode significant patterns underlying the biological systems (Zhang & Itan, 2019). The amalgamation of both experi-
mental and bioinformatics techniques has led to the generation and wide access to large-scale data sets that have formed
the basis of the reconstruction of various biological networks for instance metabolic networks, regulatory networks, sig-
naling networks, and PPINs (Covert, Knight, Reed, Herrgard, & Palsson, 2004). Network biology has augmented our
understanding of intricate biological systems by decoding biological mechanisms and the pathogenesis of diseases and
aided in the therapeutic intervention. In this chapter, we briefly discuss the general features of various kinds of biologi-
cal networks and their network topological properties. In addition, experimental methodologies, biological databases,
computational tools, applications, challenges, and future perspectives related to biological networks are also discussed.

23.2 Biological networks properties

In this section, topological metrics and properties of biological networks that are frequently probed during the analysis
of biological networks to make predictions are discussed.

23.2.1 Path, average path length, and diameter

The path is defined as the sequence of nodes required to traverse from the source node to the target node, consequently
decoding the structure of a graph. Whereas, the minimum distance required to reach two nodes is called the shortest
path in a graph. On the other hand, the average path length is the mean of the distance among all the nodes of a grap-
hand an indicator of network navigability (Perez & Germon, 2016). The average distance between nodes is dependent
on the network size; the more the number of vertices the more is the distance between them. Interestingly, the average
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path length is generally small for all empirical networks despite their huge size. The average path length is observed to
be approximately 3 in a variety of analyzed metabolic networks and is independent of the organism type. On the other
hand, the diameter of the graph is an overall indicator of the compactness of the network and describes the maximum
distance linking a pair of nodes within a network. Even though real-world networks have short diameters and exhibit
small world property and that may be considered advantageous for rapid information flow, several biological networks
exhibit large diameters than the random networks. The relatively large diameter of biological networks can be owed to
their modular nature (Klein, Marino, Sagot, Milreu, & Brilli, 2012).

23.2.2 Degree aka connectivity

Degree or valency aka connectivity refers to the number of linkages a node has with other nodes within the network. In
the case of a directed network, there are two degrees, in degree and out degree, which refer to incoming and outgoing
edges, respectively (Pavlopoulos et al., 2011).

23.2.3 Scale free

Networks wherein fraction of vertices that have degree k along with that obeys the power-law distribution X~ “, where
a > 1 is considered to be scale free. Some versions of this “scale-free hypothesis” even require 2 < « < 3. Scale-free
property is exhibited by most of the real-world networks, which include the worldwide web, power grid, collaboration
network of film actors, food webs, neural, PPIN, and metabolic networks (Broido & Clauset, 2019).

23.2.4 Small world network

Small world networks are defined by high clustering coefficient and relatively small average path length, which is akin
to a random network comprising of the same count of nodes and edges (Humphries & Gurney, 2008). These features
provide regional specialization and efficient information transfer within the network. The high clustering coefficient
depicts local interconnections and cliquishness. In reference to biological networks, these depict functional modules,
such as a protein set involved in a common function, a gene set regulating a common biological process, or metabolic
pathways’ interconnections. Small world network has found application in a variety of fields, which includes sociology,
earth sciences, computing, as well as neural networks in the brain. Examples of small world networks are social net-
works, the internet, and biochemical pathways (Zhang et al., 2017).

23.2.5 Date and party hub

Han et al. (2004) first introduced the concept of “date” and “party” hubs in yeast interactome while amalgamating tran-
scriptional profiling data with PPIN information. The concept is widely used in PPINs. Date hub interacts with various
partners at different times and spaces and forms functional modules. They show limited coexpression with their part-
ners. While party hubs show positive correlation expression with their partners and bind with them concurrently and
generally work inside the functional modules (Agarwal, Deane, Porter, & Jones, 2010).

23.2.6 Network motifs

Network motifs are overrepresented and statistically significant patterns that are found in higher frequency in compari-
son to randomized networks. They were first detected and introduced in the GRN of Escherichia coli in 2002 by Shen-
Orr, Milo, Mangan, and Alon (2002). Since similar network motifs have been observed in organisms ranging from bac-
teria to humans, they are considered as the significant unit with potential functional properties in the networks. The rel-
ative abundance of network motifs is positively correlated with the robustness of the network in response to little
alternations. They are observed in both biological and nonbiological networks, for instance Internet, social network, sig-
naling network, neuronal network, and ecological network among others (Wong, Baur, Quader, & Huang, 2012).

23.3 Types of biological networks

In this section, general features of different types of biological networks are discussed briefly.
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23.3.1 Ecological networks

The pace at which the earth is changing has been never witnessed before (Sueur, Krause, & Farina, 2019). Species
extinction is occurring at a rapid rate constantly, even greater than the five mass extinction events obtained from fossil
records in earth history (Rothman, 2017). However, human well being is highly dependent on the services offered by
ecosystems; thus global changes occurring in nature, such as climate change and species extinction, require our immedi-
ate concern. An ecological network is a depiction of the interactions of an ecosystem, wherein nodes are represented as
species and edges as pairwise interaction (Delmas et al., 2019). The nature of interaction within the ecological network
can either be trophic or symbiotic.

Mathematical network models simplify the intricacies of real-world networks by illustrating and examining the prin-
ciples of ecology (Motta & Pappalardo, 2013). The ecological networks are used for depiction and comparison of real
ecosystem structure, while network models examine the effect of network properties on network structure for instance
ecosystem stability. Ecological network analysis (ENA) is a methodology employed for the investigation of organiza-
tion, function, and the evolution of ecosystems and amalgamates modeling and analysis. Moreover, to track the move-
ment of thermodynamically conserved energy or matter through the system, ENA is employed in network models
(Borrett, Sheble, Moody, & Anway, 2018). In addition, ENA techniques have been employed for food web structure
characterization, ecosystem status evaluation, tracing of biogeochemical cycles, and other socio-ecological systems.

The most important goal of ecology is to decipher the correlation between the complexity of ecosystems and their
stability for instance the ability of ecosystems to returning to their functioning state after encountering perturbations,
such as habitat fragmentation, climate change, and pollution among others (Malhi et al., 2020). Ecological networks are
utilized to examine the correlation of ecosystem stability with various network properties. Earlier it was believed that
complexity leads to a reduction in stability by the effect of perturbations for instance species loss or invasion by exotic
species. Contrarily, other features have been detected that augment ecosystem stability and lessen the effect of indirect
effects. For instance, the strength of interaction may decline with the increase in the number of linkages among species,
curtailing the consequence of any interruption. Notably, extinction cascades are less likely to be found in various com-
partments of a network, as species loss effects are restricted to the original compartment.

To catalog life history, biotic interaction data, and other significant information for easy availability of data to
researchers around the globe, few specialized databases have been constructed, such as Mangal-Ecological interaction
database, IWDB interaction web database, and GLOBI database (Crea, Ali, & Rader, 2016). The ENA uncovers
mechanisms underlying the functioning, stability as well as the resilience of ecosystems (Landi, Minoarivelo,
Briannstrom, Hui, & Dieckmann, 2018). Moreover, investigation of Ecological networks is significant for biodiversity
conservation, management of ecosystem services management, and prevention of ecosystem degradation (Meyer,
Leempoel, Losapio, & Hadly, 2020).

23.3.2 Gene (genetic) regulatory network

Gene expression is the process of conversion of information stored in genes into functional gene products which can be
mRNA or proteins via transcription and translation. Transcription factors that modulate transcription by acting as acti-
vators or inhibitors are also encoded by genes and are also regulated, thus forming a complex regulatory network (Mira,
Teixeira, & Sa-Correia, 2012). Various steps of gene expression can be regulated to counteract extracellular cues start-
ing from transcription to posttranslational modification (Kang & Han, 2011). Regulation of gene expression is the foun-
dation of many cellular processes, including differentiation, cell signaling, development, morphogenesis, and
adaptability of any organism. A GRN depicts interactions among molecular entities, including DNA, RNA, protein, and
their complexes with one another as well as with other molecules in the cell to control the cellular gene expression
levels of mRNA and proteins and that subsequently determines their function. Nodes in the GRNs represent either genes
or their regulators, while edges depict either physical or regulatory relationships between the nodes (Fig. 23.1)
(MacNeil & Walhout, 2011).

GRNS are directional as typically a regulator control the genes and in general vice versa is not observed. The bipar-
tite nature of GRNS is due to the presence of two kinds of nodes, that is, genes and transcription factors which result in
two types of degrees, that is, in degree and out degree. The in degree describes the number of transcription factor and
gene interactions and obeys power law distribution, while out degree describes the number of genes that exhibits an
association with a regulator and follows an exponential distribution. Some of the GRN nodes are highly linked in the
network and are referred to as either “TF hubs” or “gene hubs” in accordance with their nature of the interaction, while
the majority of nodes show a low degree in a regulated nested hierarchy (Zamal & Ruths, 2012). Notably, GRNs exhibit
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FIGURE 23.1 Figure depicts gene-transcription factor regulatory network of silicosis obtained by the integration of publicly available microarray

data. Yellow round node, green-colored triangle node, and a pink-colored rectangular node represent a differential expression of genes, transcription
factors, and transcription factor that function both as a regulator as well as are regulated, respectively. Adapted from Choudhari, J. K., Verma, M. K.,
Choubey, J., & Sahariah, B. P. (2021). Investigation of MicroRNA and transcription factor mediated regulatory network for silicosis using systems
biology approach. Scientific Reports, 11(1), 1265.

robustness, stochasticity, redundancy, adaptability, and hierarchy in an organization. They also exhibit scale-free behav-
ior and small world topology. Another significant feature of GRNs is the presence of certain repetitive subnetworks
called network motifs. They are repetitive topological patterns for instance feed-forward loops (comprising of three
nodes). This motif is the most widely found in the GRNs from E. coli to humans (MacNeil & Walhout, 2011).

Several experimental, mathematical, and in silico methods have been introduced for the detection, visualization, and
analysis of interactions between genes and TFs. Experimental techniques for the detection of TF—gene interaction are
chromatin immunoprecipitation (ChIP), DamID, and yeast one-hybrid (Y1H) system while regulatory relationships are
detected by correlating transcriptional profiles of genes and putative regulators. The combination of both physical and
regulatory relationships is required to generate whole and precise GRN’s (MacNeil & Walhout, 2011; Sparks et al.,
2016). Several database resources that have cataloged the gene expression data and facilitated the biological investiga-
tion of organisms, such as a mouse and bacteria, including Gene Expression Omnibus (GEO), MouseGene Expression
Database, CollecTF, COLOMBOS, and Many Microbe Microarrays Database (M3D), are available for researchers.
GRNs aid in uncovering differential gene expression, disease pathogenesis, and identification of biomarkers for disease
diagnosis (Singh, Ramsey, Filtz, & Kioussi, 2018).

23.3.3 Protein—protein interaction network

PPIs play a significant role in almost every biological process, including growth as well as development, and their dis-
ruption leads to a variety of diseases (Waiho, Afiqah-Aleng, Iryani, & Fazhan, 2021). So, the identification of PPIs is
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crucial for decoding the functioning and organization of cells as well as deciphering of underlying mechanisms of dis-
eases (Kuzmanov & Emili, 2013). PPIs are classified as transient or stable interaction, obligate or nonobligate interac-
tion, as well as homo- or heterooligomer interaction on the basis of persistence, stability, and interaction surface
respectively. Transient interactions, such as protein kinases and nuclear pore importins, are the ones that drive the
dynamic element of the interactome, while permanent interactions form stable complexes (Rao, Srinivas, Sujini, &
Kumar, 2014).

PPIN is a mathematical depiction of the physical binding of proteins within the cell wherein proteins represent nodes
and interactions are depicted by undirected edges (Rao et al., 2014). PPINs are usually depicted by unidirected graphs
and exhibit small world as well as scale free properties. They are the most widely analyzed networks among biological
networks. PPINs have been constructed for several organisms, such as bacteriophages, bacteria, yeast, plants, and ani-
mals. Experimental techniques for PPI detection include yeast two-hybrid (Y2H) system for binary interactions, TAP
(tandem affinity purification), and affinity purification among others (Rao et al., 2014). Owing to the increase of
genome-scale PPI information of a number of species, a variety of in silico techniques that focus on the detection of
protein complexes from PPINs have been developed. The current computational methodologies are categorized into
three classes, that is, (1) cluster quality based, (2) node affinity based, and (3) ensemble clustering (Wu, Liao, & Liu,
2020).

Several databases for the archival of PPI information have been developed, such as STRING (Search Tool for the
Retrieval of Interacting Genes/Protein), BioGRID (The Biological General Repository for Interaction Datasets), APID
(Agile Protein Interaction DataAnalyze), MINT (Molecular INTeraction database), BIND (Biomolecular Interaction
Network Database), Database of Interacting Proteins, and HPRD (Human Protein Reference Database) among others.
Furthermore, several software applications have been introduced for the visualization and analysis of PPINs, such as
ProViz, PINV, Cytoscape, PIANA, and others (Su, Morris, Demchak, & Bader, 2014). PPINs have been used for func-
tional prediction, and evolutionary analysis as well as drug development for better disease outcomes (Yan, Zhang,
Shen, Liang, & Hu, 2018). In addition, investigation of PPIN has revealed underlying disease mechanisms of diabetes,
cancer, and various other genetic and neurodegenerative disorders (Li, Ivanov, et al., 2017; Li, Wang, & Gou, 2017).
Moreover, PPIN analysis has provided insight into the understanding of pathogenesis, host—microbe interaction, and
pathogen coinfection systems (Fig. 23.2).

23.3.4 Metabolic networks

Metabolism is the series of all chemical reactions catalyzed by enzymes that are required for the maintenance of living
beings (Deberardinis & Thompson, 2012). A metabolic network is the absolute representation of interconnected physi-
cal as well as metabolic processes of a cell that forms a dynamic circuit and establishes its biochemical and physiologi-
cal properties. These networks consist of the chemical reactions and metabolic pathways, along the crucial regulatory
interactions that lead to these reactions (He, Murabito, & Westerhoff, 2016). Metabolic pathways are scale free and
exhibit small world property. They are powerful tools for modeling metabolism as well as analysis (Angione, 2019).

Crosstalk occurring between different subparts of metabolic networks is highly significant. The molecular entities
that arbitrate crosstalk conclude the overall robustness of the metabolic networks. Metabolic crosstalk characterization
leads to a deeper understanding of the metabolic reactions occurring in the cell, and the information obtained can be
extensively applied in basic as well as applied sciences (de Anda-Jauregui, Guo, McGregor, Feldman, & Hur, 2019).
The metabolic network can be modeled by several tools that include extreme pathways, elementary mode, minimal met-
abolic behaviors, and flux balance analysis. Owing to the technological advancements, the rapid increase in the bio-
chemical reaction network of organisms ranging from E. coli to human beings has been observed (Pornputtapong,
Nookaew, & Nielsen, 2015). A number of databases that catalog biological networks and are available online include
Kyoto Encyclopedia of Genes and Genomes (KEGG), EcoCyc, BioCyc, and metaTIGER (Shameer et al., 2015).
Reconstruction of metabolic networks and their simulation unravels molecular mechanisms of a particular organism as
well as allows correlation of the genome with molecular physiology (Mei, Xu, Mei, Liu, & Wu, 2016). In addition, met-
abolic networks has been utilized to detect comorbidity patterns for instance obesity and diabetes can increase the risk
for the presence of other diseases (Lee et al., 2008).

23.3.5 Cellular signaling network

Cell signaling involves the transfer of information between molecules of cell in response to external and internal cues.
Disruption of these cellular pathways contributes to the pathogenesis of many human diseases and also affects the
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FIGURE 23.2 Protein—protein interaction network of Schizophrenia generated by Ganapathiraju et al. (2016) wherein genome-wide association
study and already reported Schizophrenia genes were employed to generate an interactome that harbored 504 protein—protein interactions. Genes are
depicted by nodes and protein—protein interaction by edges. Dark blue, red, and blue nodes represent Schizophrenia-linked genes, novel interactors,
and known interactors, respectively. Blue edges are reported interactions, while red edges are the novel interactions. Genome-wide association study
genes were depicted in bold and already reported Schizophrenia-associated genes in italics and one common gene is shown as both ifalicized and
bold. Adapted from Ganapathiraju, M. K., Thahir, M., Handen, A., Sarkar, S. N., Sweet, R. A., Nimgaonkar, V. L., et al. (2016). Schizophrenia interac-
tome with 504 novel protein-protein interactions. Npj Schizophrenia, 2, 16012.

pathobiology of various infectious agents, such as bacteria, viruses, and fungus. Targeting these cellular pathways is
considered to be one of the strategies for improved therapeutic intervention. Thus a meticulous understanding of the
molecular basis of signaling pathways is crucial. Cellular signaling networks depict the interaction of different cell sig-
naling pathways that are detected by the amalgamation of both experimental as well as computational techniques
(Papin, Hunter, Palsson, & Subramaniam, 2005). These networks receive and broadcast signals as well as process infor-
mation. To deduce steps involved in the processing of information and input—output relationships in complex networks,
computational models are used.

Signaling networks are understood by the combined usage of both graph theory and dynamical models. The applica-
tion of graph theory facilitates understanding of organization and processing of information within a signaling network,
whereas dynamical modeling can decode spatiotemporal changes in response to stimuli. Cell signaling networks are
characterized by reaction hubs and hierarchical feedback modules, which in turn impart robustness and versatility to the
networks (Xu & Lan, 2015). The emergent properties of signaling networks are ultrasensitivity, bistability, oscillatory
behavior, robustness, and noise reduction ability. These characteristic properties provide the network the capability to
overlook small or transient signals and augment signals that drive significant cellular processes. Several web-based
databases, visualization, and mining tools have been constructed for cataloging and the visualization of cell signaling
pathways, including VisANT, TRANSPATH, MiST, LitInspector, PID, and NET-SYNTHESIS among others. Owing to
the availability of high-throughput technologies, condition-specific signaling networks can also be investigated.
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23.3.6  Gene coexpression network

A GCN is an undirected graph, wherein each node depicts a gene, and a pair of connected nodes represents a significant
coexpression relationship. GCNs are biologically significant as coexpressed genes are regulated via the common tran-
scriptional regulatory program (Prieto, Risuefio, Fontanillo, & De Las Rivas, 2008). Butte and Kohane in 1999 were the
pioneers in introducing the concept of GCN as a relevant network and constructed the first gene expression network.
They collected medical laboratory test data (e.g., blood sugar level, serum insulin level, hemoglobin level) regarding
5158 diseased individuals and estimated the Pearson correlation between the outcomes of each pair of tests considered
and the pairs with higher correlation than a particular level were shown as connected in their first relevance network.
Butte and Kohane (2000) later utilized this strategy and used mutual information as the coexpression measure and gene
expression profiles for the construction of the first GCN.

In comparison to GRN, directionality and type of casual relationships among genes are not inferred by GCNs, while,
in GRN, a directed edge can depict activation, inhibition, interaction, or transformation (Roy, Bhattacharyya, & Kalita,
2014). A significant feature of GRNs is the presence of modules or highly connected subgraphs that represents clusters of
genes that have a similar function or are involved in a common biological process that causes many interactions among
themselves (Ficklin & Feltus, 2011). GCNs are usually built by using gene expression patterns obtained by gene expres-
sion profiling techniques for instance microarray analysis or RNA-seq technology, wherein genes showing similar expres-
sion patterns across various conditions are looked for (Emamjomeh, Saboori Robat, Zahiri, Solouki, & Khosravi, 2017).

Several methods have been developed for the construction of GCNs. All of them essentially follow two basic steps,
that is, (1) calculations of coexpression measure and (2) significant threshold selection. The expression value of a gene
for different samples or experimental conditions is represented as a vector for the calculation of coexpresssion measure
between a gene pair (Makrodimitris, Reinders, & van Ham, 2020). The most commonly used coexpression measures for
the construction of GCNs are Euclidean distance, bivariate correlation, Spearman’s rank correlation coefficient, and
mutual information. Each of them has their own advantages and disadvantages (Song, Langfelder, & Horvath, 2012).
The second crucial step of GCN construction is significant threshold selection, which may be performed by the employ-
ment of simple thresholding, Fisher’s Z-transformation, clustering coefficient, and/or random matrix theory (McKenzie,
Katsyv, Song, Wang, & Zhang, 2016). GCNs have been extensively utilized in the area of single cell sequencing, gene
network reverse engineering, and plant biology (Lamere & Li, 2019).

23.4 Experimental methods in network biology

Different types of biological networks are generated from studies involving several experimental techniques. This sec-
tion describes the popular methods employed in various interaction and network studies.

23.4.1 Microarray

The principle of microarray is hybridization. It was first demonstrated by Grunstein and Hogness in 1975 by creating
random and unordered DNA spots, containing cloned E. coli plasmid fragments carrying DNA of interest, through lysis
of bacterial colonies on nitrocellulose filters. Subsequent hybridization with radiolabeled DNA/RNA probe rapidly
screened thousands of E. coli colonies (Grunstein & Hogness, 1975). The technique was automated to organize clones
onto arrays as well as newer methods of array producing and fluorescent dyes usage for detection were incorporated
during the 1990s (Lennon & Lehrach, 1991). Tens of thousands of targets can be studied simultaneously by microarray.
Typically, it involves RNA isolation (at least two samples, i.e., reference and experimental) followed by reverse tran-
scription to obtain cDNAs and their labeling with fluorescent dyes (e.g., cy3 or cy5); also known as target preparation.
The samples are pooled and transferred onto a microarray chip for hybridization with probes attached to the chip fol-
lowed by unhybridized cDNA removal by washing, scanning, and detection of differential expression among samples.
The technique is used to generate gene expression profiles depicting changes in gene(s) expression caused by the spe-
cific treatment or conditions.

The microarray technique can be separated into two steps, that is, array fabrication and target preparation. The array
fabrication consists of the synthesis and attachment of both arrays and probes. So, microarray can be classified based
on the mode of array preparation (spotted, in situ synthesized, and self-assembled arrays) as well as types of the probe
(Miller & Tang, 2009). The spotted arrays use a robotic spotter with multiple pins for DNA spotting on poly-lysine-
coated glass slides. It generates very high-density DNA arrays, which are sensitive and cheaper, but the reproducibility
of the spotted array is very low.
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The in situ synthesized arrays (licensed to Affymetrix), developed by Fodor and coworkers in 1991, are light
directed, spatially addressable chemical synthesis by combing photolabile protecting groups with photolithography
directly on a solid substrate (Fodor et al., 1991). Another technique of in situ synthesis is inkjet printing technology
(licensed to Agilent technologies), developed by Blanchard and team in 1996, and delivers four phosphoramidite bases
to prepatterned glass slides with hydrophilic region surrounded by hydrophobic region (Blanchard, Kaiser, & Hood,
1996). Both Affymetrix and Agilent chips are primarily used in expression analysis, genotyping, and sequencing
(Miller & Tang, 2009). The self-assembled array (licensed to Ilumina), developed by David Walt in 1998, fabrication
consists of DNA synthesis on polystyrene beads that are subsequently placed randomly on fiber optic array (Walt,
2000). On the basis of probes utilized in the synthesized arrays, the microarray can also be classified into several cate-
gories, such as DNA, protein, carbohydrate, chemical compound, and cellular among others.

23.4.2 Deep mRNA sequencing

Advances in sequencing technologies from Ist generation developed in 1977 by Sanger and group as well as Maxam
and Gilbert to recently developed next-generation sequencing (NGS) technologies have proved significant for decipher-
ing the life on earth. The NGS technologies are branded as “High Throughput Sequencing Technologies,” as they
require DNA fragmentation and amplification before sequencing that results in the production of millions of reads
(Kchouk, Gibrat, & Elloumi, 2017). One major drawback of NGS technology is that a single sequencing experiment
might not be sufficient for the genome because of the presence of repetitive regions, lower representation in the ampli-
fied libraries, and sequencing errors (Tgrresen et al., 2019). To overcome this, the sequencing is performed repeatedly;
deep sequencing refers to sequencing a genomic region hundreds to thousands of times for identifying unique reads
from every region of a sequence. Similarly, repeated RNA sequencing (transcriptome or mRNA) through NGS is known
as deep mRNA sequencing. The sequence and frequency of RNA molecules specific to the cell, tissue, organ, or devel-
opment stage can be obtained.

RNA-seq analyzes the gene expression patterns encoded within RNA by examining RNA quantity and sequences.
The early RNA-seq studies mainly used Sanger sequencing technology, but being low-throughput, expensive, and error-
prone in nature, a comprehensive understanding of transcriptome was not achieved. Only with the arrival of NGS, the
cell transcriptome can be fully explored (Wang, Gerstein, & Snyder, 2009). Typically, RNA-seq workflow involves
RNA isolation, cDNA preparation, cDNA library generation, cDNA sequencing, and RNA-seq data analysis.
Subsequent to RNA isolation, their 3’ poly-A tail was hybridized poly-T oligonucleotides that are covalently bound to a
substrate (e.g., magnetic beads) for mRNA enrichment, selection, and reverse transcription. The NGS technologies pro-
duce millions of reads (short nucleotide sequences), which are aligned, assembled, and mapped to a reference genome
to produce a whole transcriptome (Kukurba & Montgomery, 2015). After alignment, tools, such as Sailfish, RSEM,
MISO, and BitSeql2 among others, can be used to quantify expression levels (Byron, Van Keuren-Jensen, Engelthaler,
Carpten, & Craig, 2016).

To sum up, NGS-based RNA-seq investigates entire cellular RNAs including mRNA, rRNA, and tRNA aka tran-
scriptome of the cell. Understanding the transcriptome is the bridge that connects the genome with its protein expres-
sion and phenotype. RNA-seq studies have helped the identification of specific genes, their expression levels, their
activation, and deactivation leading to deeper insight into the cell biology and changes that may indicate disease
(Sonawane et al., 2017). Currently, RNA-seq is predominately used for transcriptional profiling, RNA editing, SNP
identification, and differential gene expression analysis.

23.4.3 [Exome sequencing

Traditionally, the exome is referred to as the complete set of exons or entire protein coding regions of genes in the
genome and its sequencing is known as exome sequencing or whole exome sequencing (WES) (Mahajan & McLellan,
2020). The exome only covers 1%—2% of the genome but could easily identify genetic variants that change protein
sequences as well as nonprotein coding elements, such as microRNA and long intergenic ncRNA among others, at a
lower cost than whole genome sequencing or NGS. WES has been widely applied in research and diagnostics, as sev-
eral variants have been linked to genetic and other polygenic diseases, like Alzheimer’s linked variant’s have been iden-
tified. For instance, <2% human genome is exome, but nearly 85% of disease-related variants belong to it, making this
method cost-effective compared to genome sequencing (Fan et al., 2020).

This technique involves library preparation (genome fragmentation and adapter ligation), target enrichment (selec-
tion of exonic regions or genomic regions of interest), sequencing, and data analysis. Several target-enrichment
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strategies have been developed as (1) hybridization-based, (2) transposon-mediated fragmentation, (3) molecular inver-
sion probes (MIPs), and (4) polymerase chain reaction (PCR) based (Kozarewa, Armisen, Gardner, Slatko, &
Hendrickson, 2015). Hybridization-based approaches involve the ligation of adapters containing “index” or barcode
bases that are unique to the sample. Capture protocols, a Hybridization-based strategy, involve hybridization of single-
stranded probes complementary to the specific region to adapter-ligated PCR amplified DNA library (Pel et al., 2018).
In-solution capture, a capture protocol, genomic regions of interest are targeted using a pool of custom probes synthe-
sized and hybridized in solution to a fragmented genome sample (Querfurth, Fischer, Schweiger, Lehrach, & Mertes,
2012). NimbleGen (now Roche NimbleGen) is the first commercial hybridization-based enrichment kit (Sulonen et al.,
2011). The transposon-mediated fragmentation approach also uses probes, but instead of shearing, end-repair, A-tailing,
and ligation in a sequential manner, DNA fragmentation and adapter tagging take place simultaneously by transposase
enzyme. The transposon ends are used for amplification; hence, the library preparation is significantly reduced by elimi-
nating several steps. The Nextera, commercialized by Epicentre Biotechnologies and later acquired by Illumina, was
based on this method (Kia et al., 2017). MIPS technique targets a specific genomic region using single-stranded probes
(also called “padlock probes”) that have 20 nucleotides on their ends that is complementary to the ends of a target
region which are connected by a linker sequence (Lau, Palanisamy, Trau, & Botella, 2014). The padlock probes hybrid-
ization with the complementary DNA takes place by their circulation and can be used to detect sequences with even 40
nucleotides. It was commercialized by Halo Genomics as HaloPlex, but currently, it is available with Agilent
Technologies (Stoddard, Niemela, Fleisher, & Rosenzweig, 2014). PCR based approaches can be categorized as single-
plex and multiplex. Singleplex PCR Target Enrichment Strategies utilizes standard primers for amplification; only after
amplicons produced from different samples are pooled in equimolar amounts, the DNA library preparation is performed
(Kozarewa et al., 2015). The microfluidics-based technology by RainDance Technologies uses emulsion to produce mil-
lions of droplets in which PCR amplification takes place. “Multiplexing PCR” uses multiple primer pairs simulta-
neously for amplification. TruSeq Amplicon developed by Illumina and Ion AmpliSeq developed by Life Technologies
are its examples (Onda, Takahagi, Shimizu, Inoue, & Mochida, 2018).

23.4.4 ChiP-seq

ChIP-seq or ChIP-sequencing approach is used for detection of protein/DNA interactions by uniting ChIP with mas-
sively parallel DNA sequencing (Shah, 2009). It is primarily used for the identification and determination of chromatin-
associated proteins, such as polymerases, transcription factors, and other transcriptional machinery. ChIP generates a
library of specific regions in DNA bound to a protein of interest. The earliest full genome-wide maps consisting of
RNA Polymerase II, histone variant H2A.Z, histone methylation, and the DNA-binding protein CTCF in human T cells
using ChlIP-seq were created in 2007 (Barski, et al., 2007). The technique has been utilized in uncovering of nucleo-
some architecture in yeast genes, functional variation in transcription enhancers of mice heart and forebrain, and devel-
opment of genome-wide ChIP-seq among others (Akerberg et al., 2019).

The five crucial steps of ChIP are: (1) cross-linking of DNA/protein or RNA/protein by formaldehyde; (2) chromatin
fragmentation either by enzymatic digestion or sonication; (3) ChIP was achieved by first increasing specific cross-linking
using an antibody specific to the protein of interest followed by its incubation and centrifugation to obtain the immunopre-
cipitation; (4) DNA recovery and purification, accomplished by reversing the effect of cross-linking and later cleaning
DNA with an extraction; and (5) DNA purification and quantification by qPCR or ChIP-on-chip (hybrid array) or ChIP
sequencing. Purified DNA is ligated with adapters for sequencing that can provide precise information about genome-
wide associations with respect to location on the chromosome at high resolution (Gade & Kalvakolanu, 2012). Several
approaches, such as DNase-Seq and FAIRE-Seq, have been developed for determining active regulatory regions of nucleo-
some disrupted or nucleosome depleted in the genome (Winter, Song, Mukherjee, Furey, & Crawford, 2013).

ChIP-seq offers several advantages such as base-pair resolution, reduced noise due to the hybridization as well as
distinct and biologically meaningful peaks. In addition, it provides better genome coverage, as the outcome is not lim-
ited by the fixed probe sequences on the array. Furthermore, the technique is significant for repetitive regions, hetero-
chromatin, or microsatellites analysis.

23.4.5 Genome-wide bisulfite sequencing

Whole genome bisulfite sequencing (WGBS) is NGS based and aims to determine the status of the DNA methylation
[5-methylcytosine (SmC)] within the genome, as it influences multiple cellular processes involving gene expression and
chromatin remodeling (Feng, Zhong, Wang, & Jacobsen, 2020). The DNA methylation directly impacts cell
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differentiation, selective X-chromosome remodeling, and transposable element suppression among others (Li et al.,
2020). Its protocol involves sodium bisulfite treatment to genomic DNA followed by NGS procedure, that is, PCR
amplification, library preparation, and sequencing. The sodium bisulfite modifies unmethylated cytosines into uracil,
leaving methylated cytosines unaffected. Unmethylated cytosines are represented as thymines subsequent to sequencing;
comparing sodium bisulfite-treated and untreated sequences ascertains methylated nucleotide (Li & Tollefsbol, 2011).
With the aid of NGS, genome-wide identification of methylated nucleotides at single-nucleotide resolution can be per-
formed since it can precisely estimate the ratio of methylated nucleotide rather than enrichment levels. However,
repeated genome resequencing for every experiment is essential (Rauluseviciute, Drablgs, & Rye, 2019).

For earlier WGBS methods, the DNA shearing, ligation of methylated adapters, prior to sodium bisulfite treatment
is a crucial step but these adapters are degraded during bisulfite conversion resulting in poor outcomes. A newly devel-
oped technique by Epicentre (an Illumina company) performs bisulfite conversion before adapter ligation. This also
reduces the amount of sample (50—100 ng) required for sequencing (Kacmarczyk et al., 2018). Whole genome bisulfite
sequencing is most popularly employed for acquiring comprehensive base-pair resolution and quantitative information
about methylated cytosines in the genome, which further allows unbiased genome-wide DNA methylation profiling
(Nordlund, 2020). The technique can easily provide insights into gene cell-fate commitment and reprogramming along
with gene regulation (Zhou et al., 2019). The method is also highly significant for the recognition of novel epigenetic
markers, possible targets for disease, and investigation related to cancer biopsies among others (Locke et al., 2019).

23.4.6 Yeast two-hybrid

Before the 1980s protein interactions were studied through biochemical techniques. The discovery of the Gal4 molecu-
lar structure in 1986 by Keegan and coworkers revolutionized proteomics. The Gal4, a transcriptional activator, consists
of two domains, that is, N-terminal DNA-binding domain (DBD) and C-terminal activation domain (AD), which can
interact noncovalently and constitute a fully functional protein. This noncovalently binding characteristic of Gal4 was
exploited by Stanley Fields and Ok-Kyu Song in 1989 for developing the Y2H technique for monitoring and detecting
protein—protein interactions in Saccharomyces cerevisiae. The technique involves the formation of constructs by the
fusion of two target proteins with DBD and AD of Gal4, respectively, that is, 1st construct with the first target protein
and Gal4 DBD (bait) and 2nd construct with the second target protein and Gal4 AD (prey). Expression of fusion pro-
teins in yeast is followed by bait and prey interaction and reconstitution of functional Gal4, which then recruits RNA
polymerase II for reporter gene transcription (Xing, Wallmeroth, Berendzen, & Grefen, 2016).

Several variants of Y2H have been developed since 1989, such as one hybrid, one—two hybrid, and three hybrid, to
study the interaction between other macromolecules (Drees, 1999). The objective of an one-hybrid system is to study
protein—DNA interactions by utilizing a single fusion protein containing both AD and DBD (Xu & Noyes, 2015).
Unlike conventional Y2H, the DBD is selected against the promoter sequence of a reporter gene construct; for a posi-
tive selection procedure, the interaction of AD with the upstream activation sequence region results in reporter gene
transcription (Stynen, Tournu, Tavernier, & Van Dijck, 2012). A three-hybrid system is designed to investigate
RNA—protein interactions using a hybrid RNA molecule that serves as an intermediary between two noninteracting
proteins through their RNA-binding domains (Hook, Bernstein, Zhang, & Wickens, 2005). The one—two hybrid system
simultaneously employs one- and two-hybrid methods to investigate protein—protein and protein—DNA interaction. In
addition, various other variants are developed to target either limitation of Y2H or to improve its sensitivity. Split-
ubiquitin Y2H is one such method that enables the study of insoluble integral protein interactions, a limitation of tradi-
tional Y2H, by the construction of two fusion proteins, that is, bait and prey with C-terminal (Cub) and N-terminal
(Nub) moieties of ubiquitin protein, respectively. In addition, the Cub moiety is combined with a transcription factor
that can be cleaved off by ubiquitin-specific proteases. The bait—prey interaction causes the assembly of Nub- and
Cub-moieties or functional split-ubiquitin, a target ubiquitin-specific protease, resulting in the transcription factor cleav-
age and initiation of reporter genes transcription (Li, Ivanov, et al., 2017; Li, Wang, et al., 2017).

In traditional Y2H, yeast S. cerevisiae is used as a model host for a two-hybrid analysis owing to its reduced cost,
ease of culturing and manipulation via nonmolecular techniques, tolerance toward diverse conditions for instance harsh
chemicals, as well as the presence of complete genome (Selim, EI-Ghwas, Easa, & Abdelwahab Hassan, 2018). The
Y2H technique is a powerful and widely used tool in proteomics. However, the technique has some limitations due to
inherent characteristics of the host utilized which includes different codon usage, lack of post translational modifica-
tions in yeast system and also deficiency of proteins required for expression of proteins of bacterial or mammalian ori-
gin (Stynen, van Dijck, & Tournu, 2010). Several novel two-hybrid systems host, such as Candida albicans, E. coli,
Arabidopsis thaliana, and Bombyx mori among others, have been recognized to address these issues (Schoeters, Munro,
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d’Enfert, & Van Dijck, 2018). To study PPIs in native environment C. albicans two-hybrid (C2H) system was devel-
oped, as C. albicans translates the CUG codon into serine instead of leucine (Schoeters & Van Dijck, 2019).

23.4.7 Mass spectrometry-based proteomics

The mass spectrometry (Ms) utilizes magnetic fields and mass-to-charge ratio (m/z) for separating pure or complex,
organic or inorganic, solid or liquid, or gaseous samples (Wilschefski & Baxter, 2019). Eugen Goldstein in 1886 first
reported the presence of rays under low pressure in gas discharges that travels from anode to cathode (Paital, 2015).
Later in 1899 Wilhelm Wien observed their deflection in presence of strong electric or magnetic fields. Modern Ms
techniques are inspired by the inventions of Arthur Jeffrey Dempster in 1918 and F.W. Aston in 1919 (Sharma, 2013).
The Ms studies involve the sample introduction, ionization, sorting/separation according to m/z, detection, and plotting
of spectra (Rubakhin & Sweedler, 2010).

There are several sample introduction techniques, such as direct infusion, gas chromatography (GC), liquid chroma-
tography (LC), high-performance liquid chromatography (HPLC), capillary electrophoresis (CG), direct insertion probe
(DIP), and direct ionization utilized in Ms (Callejon-Leblic, Garcia-Barrera, Gravalos-Guzman, Pereira-Vega, &
Gomez-Ariza, 2016). Direct infusion, DIP, and direct ionization are the simplest methods entailing sample pumping
directly into the mass spectrometer by syringe with no prior separation step. Typically, the pure sample, that is, free of
nonvolatile salts/buffers or detergents is used for identification, measurement, and analysis (Klampfl & Himmelsbach,
2015). The GC, LC, and HPLC utilize mobile and stationary phases to separate the chemical components using proper-
ties, such as ion-exchange, adsorption, or size among others. The mobile phase contains volatile, thermally
stable molecules with <1250 Da MW and the stationary phase is a column coated with a solid adsorbent or a liquid. In
GC, the mobile phase is gaseous due to inert carrier gas while in LC and HPLC, it is liquid as the sample is dissolved
in liquid. CG method utilizes a capillary tube to separate liquid sample components according to their electrophoretic
mobility under high voltage.

Within a mass spectrometer, the samples are passed through three components, that is, ion source, a mass analyzer,
and a detector (Rubakhin & Sweedler, 2010). The ion source causes the ionization of the sample. Numerous techniques
are developed for ionization, such as electron impact (EI), chemical ionization (CI), electrospray ionization (ESI), glow
discharge (GD) ionization, ambient ionization inductively coupled plasma (ICP) ionization, and matrix-assisted laser
desorption ionization (MALDI) among others (Miner & Beauchemin, 2020). EI is one of the oldest and widely
employed for gas samples owing to its sharp peaks as an outcome; the samples are fragmented by colliding high energy
electrons. Both EI and CI are employed for the GC—Ms analysis (Thibon et al., 2015). In CI, the sample is protonated,
instead of fragmentation, by colliding it with protonated gas, such as ammonia, isobutane, or methane (Bouchonnet,
Libong, & Sablier, 2004). ESI, widely used for liquid samples containing polar or large biomolecules, transforms sam-
ples into aerosols or fine mist by applying high electrical charge during ionization. ESI provides precise masses for
whole proteins and complexes. MALDI technique encompasses sample and matrix mixing followed by pulse irradia-
tion, resulting in adsorption or desorption of positive charge on the sample surface (Leopold, Popkova, Engel, &
Schiller, 2018). GD and ICP methods use plasma sources, that is, ionized low pressure gas like argon after passing elec-
tric current, for ionization and employed for elemental analysis. The choice of ionization method depends on the physi-
cal makeup, size, polarity, and other properties of the sample (Wilschefski & Baxter, 2019). Ionization techniques can
be divided into two categories as per the source of ions, that is, gas phase (e.g., CI and EI) and desorption (e.g., ESI
and MALDI) (Siuzdak, 2004). Alternatively, the techniques can also be categorized into hard (e.g., EI) or soft (e.g.,
ESI, CI, and MALDI) ionization based on high and low residual energy imparted on samples, respectively (Amirav,
Keshet, & Danon, 2015). High residual energy results in large degrees of systematic bond cleavage and molecules frag-
mentation, whereas low residual energy cause little or no molecular fragmentation.

The next component of the mass spectrometer is a mass analyzer that sorts ions after ionization as per m/z using
either static/dynamic fields or electric/magnetic fields (Rubakhin & Sweedler, 2010). Popular mass analyzers typically
used with mass spectrometers are quadrupole (Q), time of flight (TOF), magnetic sector, ion trap (IT), and Fourier-
transform ion cyclotron resonance (Campuzano et al., 2020). Q mass analyzers utilize radio frequency and the electric
field generated by four parallel metal rods to stabilize or destabilize the path of ions depending on their m/z ratio. Only
ions with stable paths are passed and later detected by the detector. In Q mass analyzer, the range of ions detected can
be widened or narrowed by altering the frequency or electric current. The resolution and selectivity of the quadrupole
mass analyzer can be enhanced by adding a magnetic field (Haag, 2016).

TOF mass analyzer computes time taken by ions from the ion source to the detector; the difference is due to ion
masses. It is a field-free (devoid of the electric and magnetic field) flight tube in which charged ions were pulsed and
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accelerated by a voltage to pass through it. The ions with a smaller mass will move faster and detected earliest by the
detector relative to the ions of a higher mass (Haag, 2016). IT mass analyzer traps ions by utilizing an oscillating elec-
tric field similar to quadrupole. But unlike quadrupole, IT detects trapped ions. Therefore IT mass analyzers can be con-
sidered as a variant of quadrupole mass analyzers. IT first trap every ion in stable orbits, which are sequentially ejected
by ramping up electric current and causing instability in ions orbit. Currently, various types of ITs are being used, such
as linear, cylindrical, toroidal, 3D IT, and orbitrap. For enhancing the sensitivity and resolution of Ms studies, some-
times more than one mass analyzers are employed in a tandem or hybrid manner. Some examples included triple quad-
rupole, TOF/TOF, quadrupole—TOF, and quadrupole(x2)-linear IT among others (Allen & McWhinney, 2019).

The last component of the mass spectrometer is the detectors that register the charge or current generated by the
ions passing or their collision to the surface (Rubakhin & Sweedler, 2010). The detector provides data for quantitative
estimation of each ion through spectrum (Urban, 2016). Several types of detectors are currently in use, such as Faraday
cups, ion-to-photo detectors (photographic plates), micro- or multichannel plate, electron multiplier, array, and charge
(inductive) detectors (Arevalo, Ni, & Danell, 2020). A few of the popular combinations employed for proteomics are
GC—Ms (GC-Q-Ms, GC-QqQ-Ms, GC-Qit-Ms), LC—Ms (LC-ESI-QIT-Ms/MS, LC-LTQ-Orbitrap-Ms/MS),
HPLC—Ms (HPLC-ESI-QqQ-IT-Ms/MS), CE—Ms (CE-QTRQP-Ms, CE-TOF-Ms), and ICP—Ms. The technology has
been utilized for the identification of secretory proteins, translational proteins, and interaction with pathogens.

23.4.8 Flow and mass cytometry

Flow cytometry (FC) is employed for the detection and measurement of physical and chemical traits of a cell popula-
tion. The first FC device was invented by Wallace H. Coulter using the Coulter principle in 1953. However, majority of
today’s flow cytometers are influenced by Mack Fulwyler invention (Robinson, 2013). Nowadays it is often applied for
cell counting, sorting, and characterization, along with microorganism or biomarker detection, under diagnostics
(Millan & Brunet, 2015). The methodology includes suspension of a sample in a fluid followed by its injection into the
flow cytometer where focused laser beams precisely measure cells’ optical density. Cells are mostly labeled with fluo-
rescent markers; therefore the output is mostly obtained as wavelength band (Cossarizza et al., 2017).

Originally, fluorescence-based FC was known as “pulse cytophotometry” as per the first patent application in 1968
by Wolfgang Gohde from the University of Miinster (Valet, 2003). Five components of the flow cytometer are flow
cell, measuring system, detector, amplification system, and computer. The flow cell contains a fluid that carries cells
through the light beam for sensing. The measuring system consists of lamps (xenon, mercury); high-power water-cooled
lasers (krypton, argon); low-power air-cooled lasers (green-HeNe, red-HeNe, argon); and diode lasers (blue, violet,
green, red) for the measurement of impedance or conductivity using resulting light signals (Telford, Hawley, &
Hawley, 2003). The detector detects, measures, and converts analog forward-scattered light, side-scattered light, and
dye-specific fluorescence signals to digital, which are amplified in either linear or logarithmic manner before computer
processing.

A subsequent combination of FC with Ms led to the mass cytometry technique that utilizes elemental mass for deter-
mining cell’s properties. Inductively coupled plasma and ToF Ms are employed in mass cytometry. Intracellular or
extracellular metal-conjugated antibodies bound to antigens can be detected through mass cytometry. This is achieved
by labeling cellular proteins with isotopically pure elements followed by their introduction to argon plasma for ioniza-
tion; the resulting signals are then analyzed by the mass spectrometer. Unlike FC where broad emission spectrum fluor-
ophores resulted in spectral overlap, the mass cytometry utilizes discrete isotopes; therefore no spectral overlap (Spitzer
& Nolan, 2016).

The DVS Sciences, Inc., first commercialized cytometry by time of flight (CyTOF) in 2009 and later acquired
Fluidigm in 2014; CyTOF2 and Helios (CyTOF3) are other commercialized cytometry technologies (Lee et al., 2019).
Mass cytometry applications are diverse from the medical line of work, including immunology, hematology, and oncol-
ogy to basic science, such as hematopoiesis, cell cycle, cytokine expression, and differential signaling response-related
studies.

23.4.9 Live cell imaging

Live cell imaging, which started in the first decade of the 20th century, uses time-lapse microscopy for investigation of
living cells with the goal of comprehending cellular dynamics (Baker, 2010). One of the first studies involving time-
lapse microcinematographic films was the fertilization and development of the sea urchin egg by Julius Ries
(Landecker, 2009). Since then, the development in microscopy permits researchers to study living cells in greater detail
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but with less effort. The conventional contrast methods, such as differential interference or phase contrast, and
fluorescence-based methods of microscopy are compatible with live-cell imaging. The phase contrast microscopy, intro-
duced in the 1940s by Frits Zernike (Nobel Prize in 1953), was mainly used to observe unstained living cells; fluores-
cent microscopy was primarily for synthetic and organic fluorescent stains (Dunst & Tomancak, 2019). Other
alternative techniques for living cells are Quantitative Phase Contrast microscopy and holotomography (HT) (Kim, Lee,
Jung, et al., 2018; Kim, Lee, Youn, et al., 2018). Quantitative Phase Contrast microscopy is a noninvasive quantitative
technique, which in combination with rotational scanning generates time-lapse 3D images at high resolution (Kim, Lee,
Jung, et al., 2018; Kim, Lee, Youn, et al., 2018). On the other hand, HT is a most common, laser-based, nonphoto toxic
technique that measures three-dimensional refractive index and is used to study/trace the fluorescent proteins in a
microscopic sample of cells and tissues without the need for staining (Kim et al., 2017).

Live cell imaging has revolutionized cell biology by facilitating cell structure and process observation in real time,
and over time leading to better insight into the operations of a cell. It has been used to study breast cancer cells among
others (Ji et al., 2019). In addition, endocytosis, exocytosis, cellular integrity, protein trafficking, enzyme activity, and
signal transduction can be monitored. It has been employed for understanding interaction and response to environmental
cues along with monitoring molecules within alive animals. For instance, it traced neural stem and progenitor cells in
adult mouse brains for 2 months (Pilz et al., 2018).

23.5 Resources for biological network-based studies

The recent advancement in the various omics field, such as genomics, transcriptomics, and proteomics among others,
has produced a huge amount of biological data. This data expansion demands the development of bioinformatics
resources which includes databases for storage, organization, processing, and easy access (Manzoni et al., 2018). Some
of the important databases are discussed below.

23.5.1 Kyoto Encyclopedia of Genes and Genomes

KEGG database provides information related to genes, proteins, reactions, and pathways. Developed in 1995 with the
primary objective of computational reconstruction of biological systems to comprehend functions and utilities from
molecular level to organism to ecosystem level. The database contains information derived from the output of high-
throughput experimental and sequencing technologies. The KEGG pathway, KEGG reactions, KEGG enzymes, and
KEGG network are some of the sections at the KEGG database that provides information related to the biological net-
works. KEGG also provides mapping and annotation tools like KEGG Mapper, BlastKOALA, and GhostKOALA
(Kanehisa, Sato, Kawashima, Furumichi, & Tanabe, 2016).

23.5.2 BioCyc Database Collection

The BioCyc is an assemblage of Pathway/Genome Databases (PGDBs) for deciphering genomes and metabolic path-
ways of other sequenced organisms. The BioCyc PGDBs are created using predicted operons, metabolic pathways along
with information like protein features and Gene Ontology integrated from other databases. Tools hosted at the BioCyc
website can be used for searching and visualization, analyzing omics data, and comparative genomics. BioCyc data-
bases are arranged into three tiers according to the amount of manual attention and revision. Tier 1 PGDBs receive
extensive manual attention and are updated regularly. Tier 1 includes MetaCyc containing comprehensive information
related to metabolic pathways and enzymes from over 2063 organisms, and species-specific EcoCyc (E. coli K-12
substr. MG1655), HumanCyc (250 human metabolic pathways), AraCyc (A. thaliana), and YeastCyc (S. cerevisiae).
The databases under Tier 2 PGDBs were generated computationally using the PathoLogic program and are moderately
updated, while Tier 3 PGDBs were generated similar to Tier 2 but do not receive any manual updates. Currently
BioCyc contains a collection of 18,023 PGDBs and displays individual and complete metabolic pathways (Caspi et al.,
2018).

23.5.3 ENZYME

ENZYME database contains information related to the enzyme nomenclature, characteristics, and Enzyme Commission
(EC) number. It is built with counsels of the Nomenclature Committee of the International Union of Biochemistry and
Molecular Biology (IUBMB). The database is hosted and maintained at the ExPASy proteomics server of the Swiss
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Institute of Bioinformatics. The search of specific entry not only leads to the reaction that is catalyzed but also provides
link outs to other genes, enzymes, and literature databases, such as BRENDA, KEGG, and PUBMED (Gasteiger et al.,
2003).

23.5.4 ExplorEnz: the enzyme database

ExplorEnz is a manually organized, peer-reviewed, and open-access database of the enzyme nomenclature. The data-
base supplies a list, produced jointly by the Nomenclature Committee (NC) of ITUBMB and IUPAC-IUBMB Joint
Commission on Biochemical Nomenclature (JCBN). Enzyme entries are authorized by a subcommittee of NC-IUBMB
comprising members from Switzerland, UK, USA, France, Japan, Ireland, and Germany. Currently, over 7800 entries
are listed on the database and recommended additions and amendments are accessible for public review, 4 weeks before
their incorporation into the list. ExplorEnz database is created and is maintained for the [UBMB by Andrew McDonald
of the School of Biochemistry and Immunology, Trinity College, Ireland.

23.5.5 Biochemical Genetic and Genomic/Biochemical Genetic and Genomic models

Biochemical Genetic and Genomic (BiGG) is a freely available noncommercial knowledge base of biochemical and
genomic-scale reconstructed metabolic networks. The Systems Biology Research Group at the University of California,
San Diego, is hosting and maintaining the BiGG database. Presently, the BiGG models, also freely available for non-
commercial application, have replaced the original BiGG Database. Genes and metabolites in the BiGG models are
linked to NCBI genome annotations and various external databases, such as PubChem and KEGG among others
(Schellenberger, Park, Conrad, & Palsson, 2010).

23.5.6 STRING

STRING is a collection of known and predicted PPIs and their functional enrichment analysis. The interactions were
derived using physical and functional associations obtained from literature, primary databases, and computational pre-
diction. Interactions in STRING are drawn utilizing genomic context predictions, coexpression (conserved), high-
throughput lab experiments, automated text mining, and information from other databases. STRING is part of the
ELIXIR infrastructure along with databases, such as ArrayExpress, BioStudies, and IntAct among others (Szklarczyk
et al., 2021).

23.5.7 metaTIGER

metaTIGER is a database of metabolic profiles and phylogenomic info generated from 2257 large phylogenetic trees of
eukaryotes. metaTIGER uses SHARKhunt, a high-throughput genome annotation program for the prediction of enzymes
and organisms’ metabolic profiles. SHARKhunt program assesses genomic DNA sequence against enzyme profiles cre-
ated by the alignment of conserved regions of genes of known function. PSI-BLAST and Hidden Markov Models are
used for generating alignment for enzyme profiles as well as maximum-likelihood phylogenetic tree construction.
metaTIGER can also be used to compare 10 organisms through table-based comparison. The organism-specific and
comparative pathway images can be viewed interactively at metaTIGER (Whitaker, Letunic, McConkey, & Westhead,
2009). Several other databases are listed in Table 23.1.

23.6 Tools for network pathway analysis

The network pathway analysis involves the reconstruction of the network by assembling and integrating data generated
from various experimental methodologies mentioned above. In addition, information from different databases like
KEGG and BioCyc can be used to identify entire genes or proteins as well as reconstructions of the draft network for
the organism of interest. For instance, ERGO, Pathway Tools, and ModelSEED first compiles raw data into pathways
then to metabolic and nonmetabolic comprehensive network followed by mathematical simulation for their verification
and refinement (Jing et al., 2014). The quality of the reconstructed network model relies on the accurate prediction of
catalysis of biochemical reaction using protein sequence along with phenotype-sequence inference (Pitkinen, Rousu, &
Ukkonen, 2010). Several tools have been developed for modeling and refinement of biological networks as mentioned
below:
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TABLE 23.1 Various biological databases and the type of information archived by them.

Database

BambooNET

CoryneRegNet 7

Description

Coexpression networks with functional modules for Moso
Bamboo

Analysis platform of corynebacterial gene regulatory
networks

References

Ma et al. (2018)

Parise et al. (2020)

RegNetwork Transcriptional and posttranscriptional regulatory Liu (2015) and Liu, Wu, Miao, and Wu
relationships for human and mouse (2015)

TRRUST v2 Human and mouse transcriptional regulatory interactions Han et al. (2018)
reference database

GRNdb Gene regulatory networks in diverse human and mouse Fang et al. (2021)

Abasy Atlas v2.2

conditions

Bacterial regulatory networks

Escorcia-Rodriguez, Tauch, and Freyre-
Gonzalez (2020)

APID Agile Protein Interactomes DataServer Prieto and De Las Rivas (2006)

MIPPIE Integrated protein—protein interaction reference Alanis-Lobato, M6llmann, Schaefer, and
Andrade-Navarro (2020)

PICKLE 2.0 A human protein—protein interaction meta-database Gioutlakis, Klapa, and Moschonas (2017)

Protein Interaction

A platform for protein interaction network construction

Cowley et al. (2012)
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Network Analysis

23.6.1

A pathway tool is an informatics package, developed by Peter Karp and coworkers at the SRI International
Bioinformatics Research Group, under the BioCyc database. Its module, such as PathoLogic and MetaFlux, utilizes an
annotated genome for the prediction of possible metabolic reaction pathways and flux-balance analysis for making met-
abolic model, respectively. The complete network and its components are visualized using the Navigator module (Karp
et al., 2016).

Pathway tools

23.6.2 ERGO

ERGO toolkit primarily acquires and visualizes sequenced genomes for comparative genomics and systems biology.
ERGO is popularly used for the functional annotation of genes and their integration into pathways. Furthermore, it can
recognize mischaracterized genes, puzzling pathways, or previously unknown gene products. Developed by Integrated
Genomics, it uses proprietary algorithms for creating a comprehensive microbial metabolic and nonmetabolic network
(Overbeek et al., 2003).

23.6.3 KEGGtranslator

KEGGtranslator is a stand-alone tool for both the visualization and conversion of KGML formatted XML-files, that is,
the KEGG database. Unlike other translators, it amends the missing components of partial reactions within the pathway.
KEGGtranslator can provide output in SIF, SBML, BioPAX, SBGN, GML, GraphML, JPG, GIF, or LaTeX format
among others (Wrzodek, Driger, & Zell, 2011).

23.6.4 ModelSEED

ModelSEED is an online resource that can analyze, compare, create, and organize metabolic models of genome size.
The network of metabolic and gene/protein reactions is automatically constructed by ModelSEED using various asso-
ciations. Flux Balance Analysis can also be performed to produce a model of microbial metabolism using reactions
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related to biomass composition. The output of the RAST annotation system can be directly used to construct a draft
metabolic model by ModelSEED (Seaver et al., 2020).

23.6.5 Network Analysis Tools

Network Analysis Tools is an integrated suite of various algorithms that are utilized in biological networks for analysis.
It provides complete analytical workflow in a stepwise manner. Its tools are used for creating, comparing, and analyzing
network-based graphs and clusters. The cluster and path information further enrich the networks and subnetworks. The
time taken for the complete execution of the workflow is approx. 1 h (Brohée, Faust, Lima-Mendez, Vanderstocken, &
van Helden, 2008).

23.6.6 BioNetStat

BioNetStat is available with the Bioconductor package. It is user-friendly and used for comparison of correlation net-
works generated using probability distribution and features like centrality. As compared to the Gene Set Coexpression
Analysis, its scoring is not affected by the increase of network numbers. The tool also identified previously unknown
networks associated with signaling pathways (Jardim, De Siqueira Santos, Fujita, & Buckeridge, 2019).

23.6.7 OmicsNet

OmicsNet is a free web-based tool primarily used to create and visualize varied types of molecular interaction networks
in 3D space. The tool utilizes and merges several lists of molecules of interest, that is, genes, transcription factors,
microRNAs, proteins, or metabolites among others. The Web Graphics Library technology, a popular choice to delivers
its 3D network visualization system in browsers. Various functions, such as coloring, topology, and enrichment analy-
sis, are available within OmicsNet (Zhou & Xia, 2018).

23.7 Applications of network biology

Biological networks have been successfully employed in decoding biological mechanisms and disease etiologies as well
as prediction of therapeutics interventions at both molecular and systems levels. The major applications of network biol-
ogy are (1) detection and prioritization of gene-disease associations, (2) disease-associated subnetwork detection, and
(3) target identification and drug discovery. In this section, we discuss the utility of network biology in the analysis of
rare diseases, protein function determination, pathway determination, essential protein identification, and functional
module detection. The methodologies employed in the below mentioned studies can also be utilized in the investigation
of other common or complex diseases via modulation.

23.7.1 Applications in rare diseases

Several disease types including few rare diseases have been investigated at molecular levels via biological networks.
Herein, we discuss few such studies of rare diseases for instance congenital hyperinsulinism (CH) and systemic sclero-
sis (SSc).

23.7.1.1 Congenital hyperinsulinism

CH is characterized by abnormally high levels of insulin secretion by pancreatic beta-cells in neonates and infancy.
Lifelong implications of CH include hypoglycaemic brain injury and mental retardation in diseased individuals (Xu
et al., 2019). Stevens et al. (2013) mapped nine functionally diverse genes that were considered to be linked with CH
onto the BIOGRID interactome and observed a highly connected core subnetwork comprising of mapped genes. In
addition, modularity was examined in the inferred network and associated pathways were analyzed (Stevens et al.,
2013).

23.7.1.2 Systemic sclerosis

SSc is a complex, multisystem connective tissue disorder whose complete pathogenesis and progression is not under-
stood. SSc affects the skin, internal organs, musculoskeletal system along the gastrointestinal tract and is characterized
by fibrosis, vascular wall damage, inflammation, perturbation of immune response, and specific autoantibody presence.
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The prevalence of the disease is 1 in 6500 adults and majorly affects females (female/male ratio 4:1) (Sobolewski et al.,
2019). Multiple network strategies were employed to decode tissue-specific molecular patterns of SSc. A weighted
GCN was constructed by microarray gene expression data acquired from 321 SSc patients related to four affected tis-
sues, that is, skin, lung, esophagus, and peripheral blood, and consensus clustering methodology was employed. The
investigation successfully detected disease-linked subnetworks that overlapped across the tissues, and a common patho-
genic pattern related to the immune-fibrotic axis in multiple tissues was also observed, and that suggested the presence
of profibrotic macrophages in the tissues of SSc-inflicted persons. Furthermore, the GIANT database was queried to
extract the tissue-specific networks by the usage of the immune-fibrotic axis gene sets, and the subnetworks were iden-
tified by igraph R package. In addition, to decode the disparity of the immune-fibrotic connectivity between lung and
skin, differential network analysis was performed by contrasting the detected lung and skin subnetworks, and distinct
transcriptional programs were detected for activation of macrophages in the lungs from SSc inflicted persons (Taroni
et al., 2017).

23.7.1.3 Application of human gene connectome to herpes simplex virus encephalitis

Herpes simplex virus encephalitis (HSE) is a rare disease that is associated with significant morbidity and death. The
causative agent herpes simplex virus (HSV) affects the central nervous system, which leads to personality changes,
altered mental function, and seizures (Bradshaw & Venkatesan, 2016). Genetic investigations carried out to decode the
pathogenesis of HSE revealed TLR3 deficiency in a fraction of HES-inflicted children (Lim et al., 2014). To detect
more HSE responsible candidate genes, the human gene connectome (HGC), a network-based method, was proposed by
Itan et al. for the identification of closely linked gene clusters that are centered around a given gene of interest (Zhang
& Ttan, 2019). HGC was constructed by retrieval of the direct human PPIs (14,129 genes and 328,391 connections)
from the STRING database. Various topological matrices, such as gene-to-gene distance, shortest path as well as their
analogous routes were computed for each possible pairs of genes within the network. At last, a gene-centered connec-
tome for all studied genes based on HGC was constructed, while considering the parameters, such as shortest path, dis-
tance distribution, and P-value, as well as the closeness of a gene present at the periphery to the central gene of
interest. Notably, 20 of the 21 reported HSE-associated genes in the TLR3-centered connectome were detected among
the top 5% of the closet neighbors of TLR3 which included TRIF, TRAF3, and UNC93BI among others (Lim et al.,
2014; Zhang & Itan, 2019). The results obtained by computational investigation corroborated with experimental investi-
gation performed to understand the pathogenesis of HSE (Zhang & Itan, 2019).

23.7.1.4 Application of vertex similarity to rare diseases

Vertex similarity (VS) method detects as well as ranks candidate disease genes of orphan disorders (OD) via calculation
of VS score between nodes of a given network by using Edge-weighted equation and shortest-path-based equation
(Zhu, Kushwaha, Berman, & Jegga, 2012). The edge-weighted equation is used to provide a similarity score for directly
connected genes in the network, while also considering the neighborhood, whereas the shortest-path-based equation is
utilized to compute in case of no direct connected pair of genes. As a result, for the disease under investigation with
reported linked genes considered as seed genes, the VS method provides ranks to all other nodes in accordance with the
computed VS scores with the seed genes. The human protein interaction network comprising of 11,765 proteins and
69,167 PPIs was constructed by amalgamating three databases, that is, HPRD(Nguyen, Gardiner, & Cios, 2011), BIND,
and Reactome along with literature mining. VS method was tested on OD-associated genes (1598) corresponding to
172 ODs, via information retrieved from the Orphanet database. The leave-one-out cross validation was employed as
the validation strategy by selecting a reported disease-linked gene for one OD as the target gene and adding it with 99
others that were selected randomly to create a test set comprising 100 genes. The top score genes identified by VS were
also corroborated with the literature studies. VS methodology exhibited a success rate in the range from 43% to 68%
(Zhang & Itan, 2019)

23.7.1.5 Application of DIGNIFI (Disease-Causing Gene Finder) to rare disorders

The DIGNiFI methodology identifies and provides ranks to disease-linked genes by calculating the topological similar-
ity between genes by the usage of local and global properties (Liu, Yang, Lin, Simmons, & Lu, 2017). Similar to VS
method, it computes the similarity between a pair of genes, that is, for both directly linked as well as indirectly associ-
ated genes, and provides a direct neighbor (DN) score that represents the local connectivity. In addition, it utilizes the
local random walk (LRW) algorithm, for big and sparse graphs, for the detection of global network properties. Finally,
a ranking of disease-linked genes is done by adding the DN and LRW scores. To test the method, a human PPIN was



398 Bioinformatics

constructed by amalgamating 9453 proteins and 36,867 PPIs from the HPRD database (Keshava Prasad et al., 2009)
along with 128 ODs and 1184 associated genes extracted from the Orphanet database. DIGNiFI performed better than
the VS method and many other methodologies that utilize topological properties for the ranking of disease-associated
genes for rare disorders, by the employment of same validation approach (Zhang & Itan, 2019).

23.7.2 Determination of protein function

One of the challenges of a postgenomic era that requires to be addressed is the determination of protein function also
known as functional annotation. Owing to the increased accessibility of PPINs for several organisms, several in silico
methodologies had been presented for the determination of the function of proteins via the usage of high-throughput
datasets (Peng, Wang, Peng, Wu, & Pan, 2017). A network flow-based algorithm for the elucidation of protein function
prediction has been developed by Nabieva, Jim, Agarwal, Chazelle, and Singh (2005) that uses structural information
of PPINs. In addition, they reported that by taking into account the reliability of the source of PPI, prediction perfor-
mance improves significantly. The reliability score for an experimental source of data is calculated as the fraction of
PPI pairs from the source that share a minimum of one common function, and further reliability of a PPI is also
assessed. Similarly, Chua, Sung, and Wong (2006) assessed the reliability of PPIs and predicted functions of proteins in
two steps by using the strategy proposed (Nabieva et al., 2005). The functional similarity between two proteins was
computed by using both local topologies of the PPINs and reliability of the experimental sources. For a given protein,
based on functional similarity, a weight was first assigned to each of its direct and indirect neighbors. Next, each func-
tion was given a score based on the weighted frequency of their neighbors. Contrarily, Hu et al. (2011) employed both
PPIN and biochemical properties of proteins to elucidate functions of proteins in the mouse. For a given query protein,
both neighboring proteins, as well as the interaction weights, were taken into account (Peng et al., 2017).

23.7.3 Pathway determination

The binding of extracellular signaling molecules to the receptors placed on the surface of cells or inside the cell that
leads to a series of events within the cell to invoke a response is referred to as the signal transduction pathway (Peng
et al., 2017). Several strategies have been reported to detect signal transduction pathways from PPINs while taking into
account the PPIs’ reliability. Homologous pathways can be searched for a linear query pathway in a PPI network by
using the QPath algorithm. The method involves the assignment of confidence scores to PPIs by the usage of a logistic
based regression scheme. The detected homologous pathways are given a score based on variables, such as insertions
and deletions, in protein sequences against the query pathway as well as confidence score of interactions and sequence
similarity between their query proteins and the component proteins. Missing pathway segments in a network between
two biologically important proteins can be determined by using the PathFinder method. The methodology takes into
account false-positive as well as false-negative PPIs. False-positive PPIs are removed by combining information, such
as microarray gene profiling, protein localization, and sequence information with the network. On the other hand, infor-
mation regarding protein families is utilized to detect false-negative PPIs.

Pathways exhibit orientation, while PPIs do not have an orientation (Peng et al., 2017). To elucidate high confidence
pathways and orient PPI, Gitter, Klein-Seetharaman, Gupta, and Bar-Joseph (2011) presented three approximation algo-
rithms based on either probabilistic assignments or weighted Boolean satisfiability solvers. Two weighting schemes
were employed for the construction of weighted PPINs. The first weighting method increases the weights of PPINs that
are presented in several databases. The second weighing scheme provides a score based on the type of experiments car-
ried to determine the PPI, which is similar to the one by Nabieva et al. (2005). With a similar goal of the orientation of
PPIs and elucidation of pathways, a genetic algorithm has been utilized by Nguyen, Vu, Tu, and Bui (2015). Wherein
reliability of PPIN is computed based on experimental types utilized to detect PPI as well as the number of different
experiments that involve such PPIs.

23.7.4 Essential protein identification

Essential proteins play a vital role in the existence and development of living beings (Zhao & Lei, 2019).
Consequently, they are considered significant in pathology investigation as well as in drug development (Chiliza,
Pillay, & Pillay, 2017). Various in silico techniques have been presented to detect essential proteins within PPINs while
also considering the false positives PPIs. To determine essential proteins, several weighting methodologies have been
presented for the construction of weighted PPI networks by taking into account false positives. PPIs have been weighted
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by Li, Wang, Wang, and Pan (2010) by combining a model based on logistic regression as well as by calculating func-
tion similarity between proteins. The proposed method significantly improved the performance of investigated network
centrality measures in detecting essential proteins on employment on yeast PPIN. By combining gene expression data
with network topology, Tang, Wang, Zhong, and Pan (2014) used Pearson’s correlation coefficient and edge-clustering
coefficient for weighing of PPIs and to identify essential proteins on the weighted PPINs. Taking into account that
essential proteins tend to be conservative in nature, Peng et al. (2012) united the edge-clustering coefficient as well as
protein orthology information weighing of PPIs.

23.7.5 Functional modules’ identification

Identification of protein complexes from PPIN aids in a better understanding of the function of proteins inside the cell.
Performance of protein complex identification methodologies improves considerably with the integration of reliability
information of PPIs (Peng et al., 2017). Asthana, King, Gibbons, and Roth (2004) constructed a weighted PPI network
by using two metrics, that is, semantic similarity and semantic interactivity, to compute PPIs’ reliability on the basis of
GO annotation. Next, a flow-based modularization was applied to detect shared modules within the weighted PPINSs.
Sharan et al. (2005) utilized a method to compute PPI reliability for each when detecting common subnetworks via net-
work alignment algorithm. To identify functional modules, Chou and Cai (2006) used the gene expression microarray
profiles information to provide a confidence score for each of the PPIs in the yeast PPIN. Krogan et al. (2000) exploited
a machine learning approach for assigning probabilities to PPIs identified by TAP-Ms by combining the Ms scores. The
high confident PPIs were then clustered into protein complexes (547) by the usage of the Markov clustering method.
To weight the PPIs, Lubovac, Corne, Gamalielsson, and Olsson (2007) exploited the GO semantic similarity between
proteins and identified functional modules on the weighted PPI network. Liu, Wong, and Chua (2009) employed an iter-
ative scoring method to estimate the PPIs reliability and presented a maximal cliques clustering method to identify pro-
tein complexes in weighted PPI networks. The performance of several clustering algorithms was shown to be improved
by weighted PPI networks by Kritikos, Moschopoulos, Vazirgiannis, and Kossida (2011). PE measure was employed by
Zaki, Efimov, and Berengueres (2013) to assess the reliability of PPI data. In addition, the researchers also identified
protein complexes based on the concept of weighted clustering coefficient from the PPIN dataset.

23.8 Challenges and future perspective

The investigations of biological networks are crippled by several challenges. As discussed in this chapter, network biol-
ogy investigations are vastly varied with respect to the type of data, data collection methods and preprocessing, statisti-
cal methods, mathematical models, and the aim of the specific investigations (Zhang & Itan, 2019). The most analyzed
networks are the PPINs; nevertheless, these networks are static, deficient of spatial as well as temporal information, and
incomplete in terms of coverage and interaction quality and consist of false-positive interactions (Snider et al., 2015).
One of the challenges faced in developing a methodology for PPI prediction is to find good quality data set of multi-
meric proteins. The dataset required to train predictors should be from known structural complexes in the PDB, con-
trarily few structures in PDB are multimeric proteins. The relative scarcity of good quality datasets required for training
prediction methods is one of the challenges. de Vries and Bonvin (2008) have enlisted 19 different testing and training
sets for the 22 different predictors that they use. Owing to the extensive nature of PPIN, the visualization tools encoun-
ter both performance and graphical challenges. Moreover, the availability of annotations of nodes and edges adds fur-
ther complexity to the issue (Agapito, Guzzi, & Cannataro, 2013).

23.8.1 Pseudo temporal ordering

The majority of the expression data that we utilize for network analysis is static in nature and retrieved from methodol-
ogies, such as RNA-seq (Saint-Antoine & Singh, 2020). Ideally, dynamic data for each gene are required to get a holis-
tic view of cellular machinery (Levy & Vogel, 2021). Few methods have been presented that utilize static data to
generate “pseudo time series” data (Reid & Wernisch, 2016). Integration of pseudo temporal ordering in network infer-
ence has been illustrated by Sanchez-Castillo, Blanco, Tienda-Luna, Carrion, and Huang (2018). They inferred GRN by
using a collection of 48 genes, and 442 expression profiles originating from mouse embryos. The static expression pro-
files were derived from single-cell qPCR, and the MOLO algorithm was utilized to generate pseudo time series.
Finally, biological insights were drawn with reference to cell differentiation in mice from the constructed GRN. In addi-
tion, a computational experiment was also performed to demonstrate how disparities in the temporal order can influence
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the properties of the network inference. Moreover, pseudo-temporally ordered expression data from zebrafish was
employed for deriving network inference (Sanchez-Castillo et al., 2018). Pseudo-temporal ordering has been advanta-
geous in few studies. However, the assumptions employed in the pseudo—temporal ordering algorithms have been criti-
cized which includes fate transitions of cells that are smooth and continuous. Therefore, more investigation is required
to address the limitations of these algorithms (Saint-Antoine & Singh, 2020).

23.8.2 Multiple data sources

Another challenge faced in network biology is the amalgamation of data obtained from different methods to make a cal-
culation. Gene expression data have been combined with DNA methylation array data as well as copy number variant
data and successfully applied to breast cancer data (Yuan et al., 2019). On the other hand, Liang, Young, Hung,
Raftery, and Yeung (2019) utilized an integrated approach and used multiple sources of data, such as gene expression
profiles, ChIP-seq data, gene ontologies, pathway data, and genome binding data, for the construction of GRN and
reported improved performance. To investigate cellular differentiation and/or pathology for instance of cancer, it is nec-
essary to investigate some alteration in the GRN for which prior structural knowledge is also required.

23.8.3 Combination of algorithms

It has been long believed that a combination of different algorithms could increase the accuracy of network inference.
Empirical confirmation by the computational experiment of the thought has been done by Hill et al. (2016) wherein
they combined results derived from randomly selected network inference and assessed the accuracy of results utilizing
the area under the ROC curve. The results illustrated a general trend in which the accuracy of results increased with the
addition of more algorithms. Similarly, an in silico experiment was carried out wherein top scoring algorithms were
combined and that showed higher accuracy in comparison to individual algorithms (Marbach et al., 2012). Although
there are a lot of studies that show combining algorithm increases accuracy but still more investigation is required to
find the best combination strategy (Saint-Antoine & Singh, 2020).

In recent years, various biological networks have been increasingly utilized to investigate large data sets (Yu, Kim,
Xiao, & Hwang, 2013), which may be credited to the reduced cost of large-scale gene expression profiling, for instance,
RNA-seq, and to more accessibility of tissue-specific data obtained from perturbation experiments as well as greater
sample sizes, which are requisite for successful differential coexpression analyses (Anamika, Verma, Jere, & Desai,
2016). We anticipate better algorithms, integrated databases, and experimental techniques to be applied extensively in
the future to attain a holistic view of cellular machinery.

23.9 Conclusion

Biological networks have become the focal point in many research fields and are being investigated by both experimen-
tal and computational methodologies. Biological network analysis provides a systematic understanding of the organiza-
tion as well as the functioning of cellular machinery. The knowledge obtained by network biology can be utilized for
analysis and effective intervention to cellular behavior. Biological networks are robust, modular, and dynamic in nature.
In this chapter, we have provided general features of various types of biological networks, that is, ecological network,
gene expression network, cell signaling network, protein—protein interaction network, metabolic network, and gene
coexpression network. In addition, we have discussed various experimental techniques, such as Microarray, Deep
mRNA sequencing, Exome sequencing, ChIP-seq, and genome-wide bisulfite sequencing among others, that are
required for network construction.

To archive, mine, and perform the analysis of interaction data of biological entities, several databases, such as
KEGG, BioCyc Database Collection, ENZYME, ExplorEnz—The Enzyme Database, STRING, and metaTIGER among
others, have been constructed. Furthermore, for construction, analysis, and visualization of biological networks, several
network analysis tools have been developed, such as ERGO, KEGGtranslator, ModelSEED, and Network Analysis
Tools. Notably, both experimental and computational techniques required for interaction prediction, network construc-
tion, visualization, and analysis are crippled with limitations. Biological network analyses have deepened our under-
standing of disease mechanisms, the pathogenesis of various diseases, regulatory mechanisms, and host—pathogen
interaction. Moreover, it has helped in biodiversity conservation, drug identification, as well as pathway elucidation.
However, various aspects of network biology require better algorithms and techniques for increased accuracy and better
biological insights.
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