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Abstract 

Biological networks provide a conceptual framework to represent and analyze the intricate 
interconnections among the numerous components that make up living systems. This review paper 
elucidates the foundational principles of networks and their diverse applications in systems biology, 
highlighting their crucial role in understanding the inherent complexity of biological processes. 
Utilizing graph theory, these networks represent entities like genes, proteins, and metabolites as nodes, 
with their interactions depicted as edges. The review explores core graph theory elements such as 
nodes, edges, hubs, and motifs, essential for network analysis. It delves into topological parameters like 
degree, centrality measures, and clustering coefficients, quantifying structural properties and 
connectivity patterns, and offering insights into network organization and dynamics. Additionally, the 
review comprehensively examines various biological networks, including protein-protein interaction 
networks, gene regulatory networks, metabolic networks, cell signaling networks, and ecological 
networks, highlighting their distinct characteristics and applications. Network visualization techniques, 
such as force-directed layouts and circular representations, are also explored, facilitating effective 
communication of complex network structures. The integration of omics technologies with network 
analysis is addressed, emphasizing the importance of mathematical modeling in deciphering disease 
mechanisms across multiple scales. The review also underscores the application of network-based 
approaches in identifying potential drug targets and understanding complex diseases like cancer and 
diabetes. Overall, this comprehensive review provides an exhaustive introduction to biological 
networks, their theoretical foundations, analytical tools, and applications in systems biology, 
accentuating their pivotal role in unraveling the intricacies of living systems and paving the way for 
future advancements in biomedical research and personalized medicine. 
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INTRODUCTION TO NETWORKS 

The term ‘network’ originally pertains to everyday language and includes various recognizable and 
concrete systems. These systems encompass human-made networks, such as railways, roads, airlines, 

electrical grids, and the Internet. Additionally, 
biological networks, including metabolic pathways, 
neural connections, blood circulation, and food 
webs, also encompass tree-like networks such as 
hydrographic systems with simpler characteristics. 
In biology, a network refers to a complex 
interconnected system of biological elements such 
as genes, proteins, molecules, or cells, which 
interact with each other to perform various 
functions within an organism [1]. 

 

Understanding Networks Using Graph Theory 

Graph theory is a branch of mathematics that 

studies graphs, which are mathematical structures 
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used to represent relationships between objects. These objects are called vertices or nodes, and they are 

connected by lines or arcs called edges. A mathematical formula for the graph is depicted in Equation 

(1). Graph theory finds numerous applications in various fields, including computer science, social 

sciences, and operations research [2]. 

𝐺 = (𝑁, 𝐸) (1) 

A graph, denoted as G = (N, E), conceptually comprises nodes (N) and edges (E), where nodes 

represent individual entities and edges depict the connections between them [3]. 

 

Components of Graph Theory 

Nodes 

Nodes are foundational components in graphs, symbolizing individual entities within a network, and 

are depicted as points or circles in graphical representations, as shown in Figure 1. The mathematical 

formula for a node is depicted in Equation (2). Each node represents an individual entity [4]. 

 

𝑁 = (1, 2, 3, … .6) (2) 

To represent a simple network with six nodes/vertices mathematically, we can write this as N = 

(1,2,3, …. 6) [5]. 

 

In biological networks, nodes are fundamental components that represent diverse biological entities, 

such as genes, proteins, molecules, or cells, each signifying a distinct entity within the network. For 

example, glucose yields glucose-6-phosphate during glycolysis through phosphorylation, where 

glucose and glucose-6-phosphate are represented by nodes, as shown in Figure 2 [6]. 

 

Edges 

Edges represent the connections or links between nodes within a graph and delineate the 

interconnections among nodes [7]. The mathematical formula for the edges is as follows: 

 

These connections are depicted as lines or curves, which indicate the presence of relationships or 

interactions between them [8]. 

𝐸 ⊆  {{ 𝑋, 𝑌} | 𝑋, 𝑌  𝑉 𝑎𝑛𝑑 𝑋  𝑌 } (3) 

Mathematically, a set of edges (commonly referred to as links or interactions) comprises unordered 

pairs of nodes, indicating that each edge is associated with two distinct nodes [9]. 

 

For a more general example of edges in networks, consider a simple glycolysis reaction, where nodes 

represent glucose, Hexokinase, and glucose-6-phosphate, while edges represent the interaction between 

them through phosphorylation, as shown in Figure 3 [10]. 

 

 
Figure 1. A simple network has 6 nodes/vertices  

marked as nodes 1, 2, 3, 4, 5, and 6 [5]. 

 

 
Figure 2. Glucose (blue) and glucose-6-phosphate (red) are represented as biological entities,  

while the interaction between them is represented by an arrow-headed line (edge) [11]. 
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There are two types of edges: directed and undirected. These types are illustrated in Figure 4. In an 
undirected graph, edges lack a specific direction, representing mutual or bidirectional relationships 
between the connected nodes. In a directed graph, edges have distinct directions, indicating 
unidirectional relationships between nodes. Directed networks specify the connection direction, 
whereas undirected networks lack directional information [12]. 

 
Hubs and Motifs in Networks 

Examining hubs and motifs in biological networks is crucial for revealing organizational principles, 
identifying key players in cellular processes, and understanding network responses to perturbations [13]. 

 
Hubs 

Hubs are nodes within a network that have a high number of interactions with other nodes. They are 
characterized by many more connections than the average node in the network. The hubs are shown in 
Figure 5. In biological networks, hubs represent vital proteins, genes, or molecules involved in various 
cellular processes [14]. 

 
Motifs 

Motifs are recurring, compact patterns within networks, representing configurations of nodes and 
edges that occur more frequently than randomly. These motifs are shown in Figure 6. Motifs reveal 
network properties and organization, which are essential for analyzing organizational principles in 
network analysis [15]. 
 

 
Figure 3. Glucose (blue) interacts with Hexokinase (purple) to yield glucose-6-phosphate (orange) 

through phosphorylation. Edges (arrow-headed lines) represent interaction and phosphorylation [10]. 

 

 
Figure 4. In graph theory, networks have two types of edges: (a) Directed networks have edges with 

specified directions, and (b) Undirected networks have bidirectional edges [16]. 

 

 
Figure 5. Hubs are nodes with many interactions, modules are clusters where nodes predominantly 

interact within the cluster, and bottlenecks are nodes that serve as connectors between two ends [17]. 
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Figure 6. Common motifs in biological networks represent cellular components 

like genes or proteins, connected by associations such as binding (undirected 

edges) or influence (directed edges) [18]. 

 

Topological Parameters of Networks 

Network topological parameters quantify the structural properties and connectivity patterns of 

networks. These metrics are crucial for analyzing diverse systems, such as social networks, biological 

networks, and IT infrastructures, providing insights into their organization and functional dynamics [19]. 

 

Degree 

The degree of a node represents the number of connections between a particular node and other nodes 

in the graph. The degree of a node represents its number of connections. The mathematical formula for 

the degree is given in Equation (4). Nodes with a high degree are referred to as ‘hubs.’ A hub in a 

network is a highly connected node that serves as a central point for communication and interaction 

with other nodes [20]. 

𝑑𝑒𝑔𝑎𝑣𝑔 =  𝑑𝑒𝑔𝑢 
𝑖𝑛  + 𝑑𝑒𝑔𝑢

𝑜𝑢𝑡 ( ) 

Degree (degavg) is the average total connection of a node (u), calculated as the sum of the number of 

incoming edges (degu
in) and outgoing edges (degu

out) [21]. 

 

Eccentricity 

Eccentricity is a measure that evaluates the importance of nodes by determining the maximum 

distance between them and other nodes. A mathematical formula for eccentricity is given in Equation 

(5). In a network analysis, nodes with high eccentricity are closer to others, thereby fostering 

connectivity. High eccentricity indicates proximity to all nodes, whereas low eccentricity suggests that 

some nodes are distant [22]. 

𝐸𝐶𝐶(𝑣) =
1

𝑚𝑎𝑥 {𝑑𝑖𝑠𝑡 (𝑣,𝑢):𝑢∈𝑉
 ( ) 

The eccentricity ECC(v) of a node (v) is calculated as (1) divided by the maximum shortest path 

distance from (v) to any other node (u) in the node set (V) of the graph [23]. 

 

Closeness centrality 

The closeness centrality of a node measures its proximity to other nodes in the network. The 

mathematical formula for closeness centrality is shown in Equation (6). Nodes closer to others in a 

graph have higher closeness centrality, indicating their proximity to the center and suggesting higher 

influence and efficient information flow among closely connected nodes. It is crucial to identify key 

nodes, and it is the reciprocal of the average network distance for each node, which measures node 

importance [24]. 

𝐶𝐶 (𝑣) =
(𝑁−1)

∑ 𝑑(𝑣,𝑢):𝑢∈𝑉
 ( ) 

The CC(v) of a node (v) is calculated as (1) divided by the maximum of the shortest path distances 

from (v) to all other nodes (u) in the node set (V) [25]. 

 

Betweenness Centrality 

The betweenness centrality, also known as the shortest path betweenness centrality, measures a 

node’s ability to facilitate communication between other nodes. A mathematical formula for 
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betweenness centrality is shown in Equation (7). If a node lies on the shortest path between two other 

nodes or hubs, it controls communication flow. A node’s betweenness depends on its ability to control 

communications, making it central if it controls many nodes [26]. 

𝐶𝑏𝑒𝑡(𝑢) =  
𝛿𝑥𝑦(𝑢)

𝛿𝑥𝑦
 (7) 

The betweenness centrality Cbet(u) is calculated as the ratio of the shortest paths between all pairs of 

nodes (x and y) that pass-through node (u) denoted as δxy (u) divided by the total number of shortest 

paths between all pairs of nodes, denoted as (δxy) [27]. 

 

Average Path Length 

The average path length or the average shortest path length is the average number of steps along the 

shortest paths for all pairs of network nodes. The mathematical formula for the average path length is 

given in Equation (8). It quantifies the average number of steps that connect all possible pairs of nodes, 

indicating network efficiency and interconnectedness. It offers insights into signal transmission between 

nodes and network structure characterization [28]. 

𝑙 =  
1

𝑛(𝑛−1)
[∑𝑗

𝑖 𝑑(𝑣𝑖, 𝑣𝑗)] (8) 

The average path length (l) is calculated by summing the shortest distances between all pairs of nodes 

(vi) and (vj) in the graph and dividing by the total number of possible node pairs n(n−1), where (n) 

represents the total number of nodes in the graph [29]. 

 

Clustering Coefficient 

The clustering coefficient measures network clustering by comparing the actual and potential 

connections. The mathematical formula for the clustering coefficient is shown in Equation (9). It is 

crucial in biological and computer network analyses to reveal tightly connected communities and 

functional modularity. High clustering suggests module presence, particularly cooperative interactions 

among biological entities in biological networks [30]. 

𝐶𝑢 =  
2𝑒

𝑘(𝑘−1)
 (9) 

The clustering coefficient (Cu) of a node (u) is calculated by dividing twice the number of edges (e) 

between the neighbors of node (u) by the product of the degree (k) of node (u) and one edge less than 

its degree [31]. 

 

Eigenvector Centrality 

The eigenvector centrality measures a node’s importance in a network, considering both its 

connections and the importance of those to which it is connected. A mathematical formula for 

eigenvector centrality is given by Equation (10). Centrality is calculated by analyzing the centrality of 

neighboring nodes, with higher values indicating greater influence. The eigenvector of the largest 

eigenvalue represents the centrality of each node in the network [32]. 

𝑥 =
1

𝜆
𝐴𝑥 (10) 

The eigenvector centrality (x) of the nodes in a network is estimated by multiplying the adjacency 

matrix (A) by (x) and scaling the result by the corresponding eigenvalue (λ) [33]. 

 

Maximum Neighborhood Connectivity 

The maximum neighborhood connectivity measures a node’s interconnectedness with its immediate 

neighbors, indicating the density of connections in its local neighborhood. The mathematical formula 

for the maximum neighborhood connectivity is shown in Equation (10). Higher values suggest stronger 

connectivity and cooperation among neighboring nodes, often reflecting a central or influential role 

within the local network structure [34]. 



 

 

Introduction to Biological Networks and Their Contributions to Systems Biology                         Khushboo et al. 

 

 

© STM Journals 2024. All Rights Reserved 58  
 

𝑀𝑁𝐶 (𝑉)  =  | 𝑉 [𝑀𝐶(𝑣)] | (11) 

The maximum neighborhood connectivity MNC(v) for a set of nodes (V) is calculated for node (v) 

by identifying the largest connected node within the induced subgraph (G/Nv/) formed by the neighbors 

of (v) in the network [35]. 

 

Subgraph Centrality 

The Subgraph Centrality assesses a node’s network importance by analyzing its involvement in 

various subgraphs and evaluating the frequency and lengths of closed walks. A mathematical formula 

for subgraph centrality is given in Equation (12). It analyzes closed walks of varying lengths, with 

shorter paths focused on decreasing weights. Each closed walk corresponds to connected subgraphs, 

highlighting their importance in assessing the node centrality [36]. 

𝑆𝐶(𝑢)  = ∑ (𝑣)𝑁
𝑗=1 ^2. 𝑒 (12) 

The subgraph centrality SC(u) of a node (u) is calculated by summing the squares of the eigenvalues 

(v) of the adjacency matrix, (e) assessing the importance of node (u) within network subgraphs, with 

higher eigenvalues (v) indicating greater centrality [37]. 

 

Stress Centrality 

Stress centrality quantifies a node’s importance by assessing its role as a bridge or intermediary, 

connecting nodes through shortest paths, and facilitating communication pathways within the network. 

A mathematical formula for stress centrality is given in Equation (13). Nodes with high-stress centrality 

maintain efficient flow and connectivity, offering insights into network structures and functions in 

communication, transportation, and social networks [38]. 

𝑆(𝑖)  = ∑ 𝑖 ≠ 𝑗 ≠ 𝑘
𝜎𝑗𝑘(𝑖)

𝜎𝑗𝑘
 (13) 

The stress centrality S(i) of node (i) is calculated by summing the fraction of the shortest paths from 

all node pairs (j and k) that pass-through (i), normalized by the total number of shortest paths between 

(j) and (k) in the network [39]. 

 

NETWORK ORGANIZATION 

Network organization in biological networks refers to the structural arrangement and 

interconnections among biological entities such as genes, proteins, or metabolites. This organization 

offers insights into biological processes. These networks can be categorized as small-scale, scale-free, 

and hierarchical networks. Small-scale networks have a limited number of nodes and edges that 

represent direct interactions. Scale-free networks have a ‘hub’ structure, with a few highly connected 

nodes. Hierarchical networks organize nodes into levels based on their functions. Understanding 

network organization is crucial for unraveling biological complexity, showing how components 

interact, information flows, and perturbations lead to outcomes, and understanding their functions and 

behavior [40]. 

 

Small-scale Networks 

Small-scale biological networks represent localized interactions within cells, biological processes, or 

limited components, as shown in Figure 7. These are focused networks depicting specific pathways or 

modules, such as gene regulatory networks that control cellular processes or metabolic pathways. Their 

localized nature provides insights into molecular and cellular phenomena. Examples include the gene 

regulatory networks governing specific cellular processes or metabolic pathways [41]. 

 

Scale-free Networks 

Scale-free biological networks exhibit a power-law degree distribution, where few nodes in the 

network have a very high number of connections (hubs), whereas most nodes have relatively few 

connections, as shown in Figure 8. Scale-free topologies in diverse biological networks offer insight 
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into their organizational principles and inherent robustness. Examples include protein-protein 

interactions and gene co-expression networks, which influence the organization and robustness of 

biological systems [42]. 

 

 
Figure 7. A Lac Operon Model is a small-scale biological network  

dealing with a limited number of components [43]. 

 

 
Figure 8. A protein-protein interaction network of genes linked to human aging processing is a scale-

free biological network comprising 306 genes sourced from the GenAge Human Database [44]. 
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Figure 9. The network hierarchy includes HYPs, subnetworks, and networks, with the scoring hierarchy 

adding the biological impact factor (BIF) level aggregating across multiple networks [45]. 

 

Hierarchal Network 

A hierarchical network is a network structure that exhibits hierarchical organization, with nodes 

arranged in multiple levels or layers, as shown in Figure 9. Higher-level nodes exert control over lower-

level nodes in a tree-like manner. Biological systems are hierarchically organized across scales from 

molecules to organisms. This model captures multiscale organizations, with nodes representing 

organizational units such as genes, proteins, pathways, and cells. Examples include signaling and 

regulatory networks spanning biological scales, which facilitate cross-scale analysis in biology [46]. 

 

NETWORK BIOLOGY 

Network biology integrates diverse omics data, including genomic, transcriptomic, proteomic, and 

metabolomic information, along with interactome data, such as protein-protein interactions and gene-

gene associations, to reveal informative patterns within complex biological systems. By employing 

statistical methods, graph theory, mathematical modeling, and visualization tools, as outlined in the 

flowchart in Figure 10, this field enhances the understanding of biological mechanisms and disease 

causes and aids in discovering therapeutic interventions [47]. The development and use of biological 

networks can fulfill multiple objectives for exploring network biology. These include identifying and 

prioritizing candidate genes that may contribute to disease causation [48], uncovering disease-

associated subnetworks and systematic perturbations underlying disease states [49], and capturing 

therapeutic responses to aid in the identification of potential drug targets and discovery of new 

therapeutic agents [50]. 

 

Types of Biological Networks 

Biological networks encompass various forms, each portraying unique aspects of biological systems 

[51]. These include protein-protein interaction networks, interactions between proteins that elucidate 
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cellular processes [52], Sequence Similarity Networks that highlight evolutionary relationships [53], 

KEGG Metabolic Pathways that illuminate biochemical reactions [54], Reactome Signal Transduction 

Networks that delineate cellular signaling cascades [55], Food Webs that capture ecological interactions 

[56], and Gene Expression Networks that unravel the coordination of gene activities [57], as depicted 

in Figure 11. Various network types explore biological complexity at the cellular, molecular, and 

ecological levels. These networks are categorized based on interacting entities [58]. 

 

Protein-protein Interaction Networks 

PINs visually depict physical protein connections within cells. Proteins are nodes and interactions 

are edges that are either undirected or directed. PPIs, As depicted in Figure 11(a) are crucial in cellular 

processes and have been widely studied. Experimental techniques, such as the yeast two-hybrid system, 

are commonly used to identify binary interactions [59]. International efforts have led to the cataloging 

of experimentally determined PPIs [60]. Examples include the Human Protein Reference Database [61], 

Database of Interacting Proteins (DIP) [62], Molecular Interaction Database (MINT) [63], Intact Act 

[64], and BioGRID [65]. FunCoup [66] and STRING [67], as depicted in Figure 11(i), compiled PPIs 

from various sources for public use. 

 

DNA-protein Interaction Networks 

The genome produces vital mRNAs and proteins essential for cell functions, such as differentiation, 

survival, and metabolism. Gene products result from transcription and are governed by transcription 

factors (TFs). Nearly 1,500 DNA-binding TFs in humans regulate the expression of over 20,000 genes 

expression [68]. Gene products interact to form gene regulatory networks (GRNs) and control cellular 

processes by regulating gene product levels PINs visually depict physical protein connections within 

cells. Proteins are nodes and interactions are edges that are either undirected or directed. PPIs are crucial 

for cellular processes and have been widely studied. An example of this is a gene expression network, 

as depicted in Figure 11(f). Experimental techniques, such as the yeast two-hybrid system, are 

commonly used to identify binary interactions [59]. International efforts have led to the cataloging of 

experimentally determined PPIs [60].  

 

 
Figure 10. The flowchart illustrates network construction (blue) and mapping of biological data onto 

networks (green) in biological network studies [69]. 
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Examples include the Human Protein Reference Database [61], Database of Interacting Proteins 

(DIP) [62], Molecular Interaction Database (MINT) [63], Intact Act [64], and BioGRID [65]. FunCoup 

[66], Tagged PubMed abstract as depicted in Figure 11(h), and STRING as depicted in Figure 11(i) 

[67] compile PPIs from various sources for public use. GRNs depict regulatory connections between 

genes and TFs as nodes and edges, revealing the promotion and inhibition of gene regulation [70]. 

GRNs are often built using gene regulation data from databases such as Reactome [71], as depicted in 

Figure 11(d), and KEGG [72], as depicted in Figure 11(c). High-throughput technologies such as 

microarrays, RNA-Seq, ChIP-chip, and ChIP-seq have revealed complex gene regulation patterns, 

advancing our understanding of GRNs [73]. 

 

Metabolic Networks 

Metabolic networks control metabolite synthesis, degradation, and transport. Metabolites are small 

compounds that exhibit dynamic changes in tissues and cells. Biochemical reactions, facilitated by 

gene-encoded enzymes, irreversibly convert substrates to products. These networks are crucial for 

cellular processes and focus on unraveling relationships through metabolic reconstruction [74]. 

Historically, mass spectrometry, NMR spectroscopy, and chromatography have been used to identify 

and quantify metabolites. KEGG (The Kyoto Encyclopaedia of Genes and Genomes) plays a vital role 

in biological data, particularly metabolic pathways, as depicted in Figure 11(c) [75]. 

 

 
Figure 11. Biological networks include: (a) Protein-protein interaction (PPI) network, (b) Sequence 

similarity network, (c) KEGG metabolic pathway, (d) Reactome signal transduction network, (e) Tree 

of life in iTOL, (f) Gene expression network, (g) Savanna food web, (h) Tagged PubMed abstract, and 

(i) STRING multi-edge PPI knowledge network [76]. 

( ) ( ) ( )

( ) ( ) ( )
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Cell Signaling Networks 

Cell signaling networks are intricate molecular systems that enable cell communication and response 
to the environment, involving signaling molecules, receptors, and pathways that regulate processes such 
as gene expression and cell growth. For example, reactome signal transduction networks depict cellular 
signaling through protein interactions, as depicted in Figure 11(d). These networks coordinate cellular 
activities, respond to stimuli, and maintain an organism’s function. They resemble sensory machines, 
with sensors and processors leading to diverse cellular responses, including gene transcription and 
cytoskeletal dynamics [77]. Cell signaling networks illustrate molecular interactions in cellular 
communication, whereas sequence similarity networks, as depicted in Figure 11(b), reveal relationships 
between biological sequences, such as DNA, RNA, or proteins, based on their alignment scores [76]. 
Modern cell biology aims to unravel the mechanisms of molecular signaling pathways and their 
physiological roles, to engineer synthetic signaling circuits [78]. 

 
Ecological Networks 

Ecological networks depict species interactions in ecosystems, highlighting interdependencies among 
plants, animals, and microorganisms. They reveal a web of relationships that shape ecological processes 
within a specific environment [79]. For example, the Savanna food web focuses on feeding relationships 
between organisms in an ecosystem, as depicted in Figure 11(g), and the Tree of Life in iTOL, focuses 
on evolutionary relationships between species, as depicted in Figure 11(e). Ecological networks depict 
intricate interactions among species within ecosystems, including food webs and mutualistic 
relationships, thereby revealing the complex interconnectedness of ecological systems. Ecological 
networks display intricate complexity, where each species is intricately linked to others, either directly 
or indirectly [80]. These links tend to be nested, which is also known as nested links. Nested links in 
network theory describe a hierarchy of connections between entities, as seen in ecological, social, and 
biological networks [81]. 

 
Implications of Biological Networks 

Progress in molecular biology, neurobiology, genetics, and imaging offers insights into neurological 

diseases, but their pathogenesis remains incompletely understood. Reductionism identifies organism 

components but fails to explain complex interactions, enabling fitness, robustness, and evolution [82]. 

Systems biology integrates molecular, physiological, and clinical data into quantitative frameworks, 

akin to engineering. It uses tools from physics and mathematics, such as nonlinear dynamics and control 

theory, to understand complex living systems, such as the brain. Studies of gene networks linked to 

hereditary ataxias have revealed RNA splicing pathways that expose new disease mechanisms [83]. 

Systems biology will aid in personalized therapeutic strategies and make personalized medicine 

feasible. By studying component interactions in biological networks, systems biology enhances disease 

comprehension and fosters personalized treatment development [84]. 

 
Network Visualization 

Biological network visualization shows genes, proteins, and metabolites as nodes connected by 

interactions (edges). Network visualization techniques range from matrix representation, as depicted in 

Figure 12(g), to 2D/3D layouts, as depicted in Figure 12(d) with multi-layered graph visuals, as depicted 

in Figure 12(b), and are ideal for multi-omics networks. Tools such as STRING graphs, as depicted in 

Figure 12(e), illustrate the diverse connections between biological entities through multiple relationship 

types [85]. Force-directed, as depicted in Figure 12(a), and hierarchical layouts struggle with the dense 

networks ‘hairball’ effect. Circos and Hive plots using circular or radial linear axes address this issue. 

Hive plots, as depicted in Figure 12(c), show diverse networks such as cancer and gene regulation, 

while Circos, as shown in Figure 12(h), depict genomic variation relationships and are challenging to 

represent linearly. Arc diagrams, Circos, and hive plots using circular or radial linear axes address this, 

as depicted in Figure 12(f), showing nodes on a single axis with arced links. Specialized visualizations 

for bipartite graphs, as depicted in Figure 12(i), in epidemiology and gene-disease networks, illustrate 

the mutual relationships between the two sets. Although other methods exist for hierarchical graphs and 

biochemical networks, the basic visualization concepts are depicted schematically [86]. 
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DISEASES AND OMICS TECHNOLOGY 

OMIC-based disease modeling, encompassing genomics, proteomics, and metabolomics, 

mathematically represents disease mechanisms at molecular and physiological levels. This aids 

computational analysis by translating biological data into quantifiable terms. Kinetic equations are 

formulated using principles such as the law of mass action and Michaelis-Menten and Hill equations, 

tailored to the specific reactions and interactions in the pathways. Stochastic modeling methods such as 

Monte Carlo simulations, Fokker-Planck formulations, and rule-based approaches have been used to 

study the dynamic behavior of disease pathways owing to their stochastic nature [87]. 

 

Mathematical Modeling of Diseases and Their Integration in Networks 

Utilizing network development and graph-based analyses can aid in understanding disease 

interconnections and identifying potential candidates. However, understanding the dynamic nature of 

these networks presents a challenge. Networks provide static representations of systems and are unable 

to capture temporal changes caused by variations in conditions, such as mutations and environmental 

factors. Simulating interactions and mechanisms are crucial to unveiling the dynamic nature of networks 

that define disease characteristics [88]. Disease modeling mathematically represents disease mechanisms 

from the molecular to physiological levels, facilitating computational analysis by quantifying biological 

data. Feedback mechanisms in mathematical models aid in understanding the dynamics and predicting 

outcomes under various conditions or perturbations using defined parameters [89]. 

 

 
Figure 12. Network visualization techniques include (a) force-directed network layouts, (b) multi-

layered graph views, (c) Hive plot representations, (d) 3D network visualizations, (e) STRING Multi-

edge network displays, (f) Arc-based network visualizations, (g) Adjacency matrix representations, (h) 

Circular Circos visualization, and (i) Bipartite graph visualizations [76]. 
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Networks as Drug Targets 

The disease network comprises interacting biomolecules that influence network function toward a 

disease phenotype. Perturbing essential components within this complexity can alter the phenotypic 

response and contribute to disease manifestation [90]. Complex diseases such as cancer and metabolic 

syndrome arise from the contributions of multiple components impacting multigenic functional 

modules rather than a single target, leading to disease phenotypes [91]. The ineffective use of 

conventional therapies has prompted a network-based approach targeting subcircuits instead of 

individual nodes to mitigate disease effects. Both multiple and single targets contribute to network 

dynamics. Targeting hub genes and proteins affected in complex diseases, while effective, can lead to 

potential side effects [92]. Yildirim et al. (2007) created a Drug Target network linking FDA-approved 

drugs to their specific protein targets [93]. Topological analysis identifies drug targets in different 

network regions than essential proteins, with peripheral disease genes as promising targets with low 

side effects [94]. 

 

Network Modeling in Diabetes and Cancer 

Network analysis, modeling, and target identification are crucial for understanding complex diseases 

such as diabetes and cancer, involving hormones, growth factors, and inflammatory molecules [95]. 

Mathematical models describe molecular interactions as networks, aid target identification, and 

quantify disease states through data generation [96].  

 

 
Figure 13. A map illustrates insulin resistance’s complexity, showing modeled interactions among 

factors influencing insulin secretion, signaling, and action in the liver, muscle, adipose, and brain [97]. 



 

 

Introduction to Biological Networks and Their Contributions to Systems Biology                         Khushboo et al. 

 

 

© STM Journals 2024. All Rights Reserved 66  
 

In diabetes, network models have revealed interactions between insulin signaling, glucose 

metabolism, and transcription, thereby identifying therapeutic targets and biomarkers [98]. Network 
approaches to cancer have uncovered wired signaling, GRNs, and protein interactions driving 

tumorigenesis, metastasis, and drug resistance, enabling personalized therapies [99]. As illustrated in 
Figure 13, minimal and pharmacokinetic-pharmacodynamic (PK-PD) models physiologically illustrate 

glucose and insulin dynamics [100]. 
 

CONCLUSION 

In conclusion, biological networks provide a powerful framework for understanding complex living 

systems. This review has explored network analysis principles, from graph theory to topological 
parameters, and their applications across various biological domains. The integration of omics 

technologies and mathematical modeling has advanced our understanding of disease mechanisms and 

drug target identification. As the field progresses, network-based approaches will remain crucial in 
deciphering biological intricacies, driving innovations in biomedical research and personalized 

medicine. Future developments in this interdisciplinary field promise to further unravel the complexities 
of living systems, contributing to improved human health and scientific knowledge. 

 

Acknowledgment 

I start by giving thanks to God for helping someone as weak as me to complete this review paper, 
despite the many painful and indescribable hurdles. Yet insignificant and small, it is a little step ahead. 

I had a little dream to do a PhD, and most probably, I will never get it. However, God is the strongest. 
If he wants, he will make this happen. I do not know what the future holds for me, but as a believer in 

this divine universe, I know that if I have God with me, he will help me. All my life, I have been alone. 
I have dealt with all my pain myself. I never met anyone who understood me or my world. I have a 

universe inside me. I believe that I am a child of God. I have no one except God. 
 

I want to thank my friend Pulkit Singh, who I think is the boy sent to me by God to save me. Without 
him, this review would not have been possible. His selfless help for me is not something you will find 

in this materialistic world. Thank you for the sacrifices he made to help me. I am blessed with what he 
does for me and wish to do it forever and beyond. I wish him all that he wanted. 

 

REFERENCES 

1                                                                           200 ;78(3) 23 – 2  

2                                                                            J         U           
                                                    2011;  10  

3          U                                                            ?                   
2013    ;1(1) 1    

                                                                                        2023;11(10)  
           J                                J          &           ; 198   

                       J                                                               
                                  3            2023;399 08002  

7  7                                                           2023                  
                            

8   ü                                                          —                             
                              J                                                 2022 

   ;  ( )   8 77  
9                                                              J                              

               201     ; 7(1)   1 72  

10                 J                                                                J           
2021;13 (20)  

11               ł   ń                        ś               J                                   

                                                                                                      

                              2023;13(1) 1  8   



 

International Journal of Bioinformatics and Computational Biology 

Volume 2, Issue 1 

 

 

© STM Journals 2024. All Rights Reserved 67  
 

12                                                                                                

                                                                 O    2019;1 (11)  

13     X        J                                                      ?             200 ;2( )  

1                                                 ?                2008;9(9)   0  

1                                                                                                 

    U      2000;97(21) 111 9– 2  

1                                        O      U               ; 2010  

17         J                                           J                                        

                                                               2021;12 7 0 01  

18       J                                                                                        

                                                              U      200 ;102 3173–   

19                   —                         J          (2010  O      U                )        

      2012;18 2 1–2  

20  O                                J                                                            

                                  2010;32 2  – 1  

21                                                                                                

    J                  2022 99–110  

22            Q   J                              J              J                              

                         2011;1( ) 3 7–7   

23                                 Q                                                    

                       2                                 J       2020;2020  

2                                                                                               

2022;   

2   O                     X                                                                   

                                                                                       ; 2008  

2                                                                                1977; 0 3 – 1  

27           J                                                                           

200 ;27(1) 39–    

28               X                                                                               

             2008;13 1 0 –10  

29                                                                                 X            

  X   0710 29 7  2007 O   1   

30           J                                                                                    J     

        2020;3 (10) 20 0090  

31                                                                                           

                                                         2020; 7  2019072   

32                                                                                           ' 

                        201                                                                 

                                  (      ) 201      2  (     10  1 )        

33         U                                                                                       

          2010                                                            (    ) 2010     17 

(    1 7)        

3                                                                                                  

     O    201 ;9(10)  

3                                                                                     j     

                                                          201 ;8  

3                                                                                           

2018;3(1) 9  

37                                 J                                                            

                         200 ;71 0  103  

38                                                                                        

2021;22(1)  27  



 

 

Introduction to Biological Networks and Their Contributions to Systems Biology                         Khushboo et al. 

 

 

© STM Journals 2024. All Rights Reserved 68  
 

39                                                         200 ;27   –71  

 0                                             O                 2003;13(2) 193–202  
 1                     J                                                                        

                                        J  200 ;272(9) 21 1– 1  
 2            J                                                                             

2000; 0 ( 79 ) 378–82  
 3                                                    ü    ş                                   

                                                                                                   
     J                        201 ;2  719–32  

                                                                                                 
                                                      2018     17 –93  

                                                                                   Q            

                                                                                          
                        2013;272  

                                                            J                                 
201   

 7       á       O                                                 ’                               
           200 ; (2) 101–13  

 8         O                                                                                  
                                                                              2012;8(9)  

 9  J                    J                                                                  
                                                                             2011;27(1) 9 –102  

 0     Q                                                                                       
                2007;8 3 3  

 1                                                                                                   
2019     2  –8   

 2                                  j        O                                                 
          J               2012;11( ) 201 –31  

 3            J         J                          U                                      
                                                                          O    2009; (2)  

                                                                                      

                                                          2017;  ( 1)  3 3– 1  
55. Croft D, O’Kelly G, Wu G, Haw R, Gillespie M, Matthews L, et al. Reactome: a database of 

reactions, pathways and biological processes. Nucleic Acids Res. 2011;39(Database issue):D691–7. 
          J             J                                                                  

                                         U      2002;99(20) 12917–22  
 7                                     ’      U                                                   

J              2000;7(3  )  01–20  
 8                                                                                              

2010;39  3– 9  
 9                                                                                            

     J    200 ; 1(1) 113–21  
 0                       J                       –                         O J  2003;22(1 )  

3 8 –92  
 1                  J                                                                        

                                                                                      
200 ;32(              )   97– 01  

 2  X                                                                                          

                                         2000;28(1) 289–91  
 3                                                                                              

                                                             2007;3 (              )   72–   

                                                                                                    

                        2012                     2012; 0(              )  8 1–   



 

International Journal of Bioinformatics and Computational Biology 

Volume 2, Issue 1 

 

 

© STM Journals 2024. All Rights Reserved 69  
 

    O                J                        J                                                     

                                                                                                  

     2021;30(1) 187–200  

                                                                                              

                                                                                               J     

      2021; 33(11) 1  83   

 7                                  J                              J                 11          

                                                                                                

                                               2019; 7( 1)   07–13  

 8             J                                                                             

                                                            2009;10( ) 2 2– 3  

 9                                                                                                 

(     )  2019;10(10)  

70                                                                                        

                                O    201 ;9(9)  

71                                                                                       

                                                           2023; 1( 1)  3 3–92  

72                                                                                        

2000;28(1) 27–30  

73                       U                                                                    

                                                                                 201 ;2  1  

7                       J                                                                     

                                                                                     

2022;9 8 1373  

7                                                       2002;2 7 91–101;            103  119–

28  2  – 2  

7                                                                                             

                                                         2020;8 3   

77                          J    O’                                                          

                                                                         2018;12(      9) 120  

78                                                                            2010;1 0(1) 33– 7  

79          J               é                                                      

200 ;  2(7100) 2 9–    

80  U             Q                                                                       

200 ;28( ) 321–39  

81            J  J              á   J  O      J                                                   

                             U      2003;100(1 ) 9383–7  

82               X                                                                         

                 2013;11( ) 200–10  

83        U                                                                                        

                          201 ;201   28 70  

8                                                                                                    

                                      2009;  (2) 12 –39  

8                                                                                                     

                   2023;22( ) 323–39  

8                                                                                                

                                                                                    2018;7( )  

1–31  

87  U                    O                                                                       

          2010;2( ) 38 –97  

88      é  J                                                                                    

                          ?                2009;3     



 

 

Introduction to Biological Networks and Their Contributions to Systems Biology                         Khushboo et al. 

 

 

© STM Journals 2024. All Rights Reserved 70  
 

89                               U                                                               

                                                              2022;21(3)  

90                    ó                                                                        

2009; 83(11) 17 9–    

91       á                            J                                                      

                        2011;12(1)   – 8  

92                        J                                            J             

2012;271(2) 1 2–    

93                                       á                                                     

2007;2 (10) 1119–2   

9                                                                                            

                                                                             

2023;1 (1) 17  

9                                                                                2010;8(1)  8  

9                                                                                              

                                                                  201 ;8(1) 99–11   

97                                                                                                     

                                                  201 ;8 99–11   

98           U  U                                                                           

                                              2                                                  

O    2009; (12)  

99     ò                                                                                          

                                                      j                                   2021 

    12;7(1) 17  

100              X                                                                             

                                                                   2022;2022  72–81  

 


