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I. INTRODUCTION 

Abstract: In this study, two basic labeling techniques, namely vertex and edge 

labeling techniques are investigated for their use in computational biology 

particularly in the solution of protein-protein interaction (PPI) networks, gene 

regulatory networks (GRNs), and metabolic pathway analysis. By implementing 

graph-based methods, we identified key proteins with high centrality measures, 

such as P53 (degree centrality: Among them, TP53 (eigenvalue: 0. 148) and AKT1 

(betweenness centrality: 0. 089) are particularly imperative in cellular process. 

Community detection revealed functional modules linked to cell cycle regulation 

and cancer signaling, while pathway enrichment analysis in GRNs highlighted 

critical processes such as apoptosis (p-value: which goes up to 0. 001 for emotional 

state and to 0. 005 for immune response. Morphological analysis of metabolic 

networks revealed some of the constraints such as decrease in ATP yield because 

of the low activity of pyruvate kinase. These results stress the value of the models 

based on vertex and edge labeling for the understanding of the organization of the 

biological networks and their components in the context of protein-protein 

interactions, gene expression regulation and metabolic pathways. Combination of 

these methods improves knowledge about biological systems and yields useful 

information in some therapeutic and disease-related investigations. 

Keywords: Vertex Labeling, Edge Labeling, Protein-Protein Interaction Networks, 

Graph Theory, Gene Regulatory Networks, Metabolic Pathways. 
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Over the last few years numerous developments in 

graph theory coupled with computational biology have 

greatly enhanced the understanding of diverse 

biological processes. In the network modeling of 

biological systems, vertex and edge labeling have been 

found to be pronounced among the network modeling 

approaches. These labeling methods are thus based on 

graph theory that offers a framework for organizing 

and understanding huge and complex data present in 

biological process. For vertex labeling which entails 

the labeling of the vertices or nodes of a graph, and 

edge labeling which entails marking or identifying of 

the edges or connections of a graph to represent certain 

properties/attributes [1]. Labels in computational 

biology can mean a variety of things such as proteins, 

genes, metabolic compounds or the interactions and 

affiliations between these components. In this way, 

labeling helps to put networks in a simplified format 

to apprehend them easily, to have unique front views 

of them to be able to comprehend them and finally to 

draw meaningful conclusions regarding them [2]. 

Vertex and edge labeling methods have found one of 

their most important uses in computational biology in 

the study of molecular interaction networks, including 

protein-protein interaction (PPI) and gene regulatory 

networks. In these networks, vertices may be named to 

describe different biomolecules as well, while edges 

are independently labeled to show both the kind of 

interaction and the direction and intensity of 

interaction. Such labeling enables a refined 

appreciation of various biological phenomena toward 

the identification of the appropriate regulatory 

deciding factors and even novel drug targets [3]. Also, 

in other usages, metabolites contribute to the 

identification of pathways, which utilizes string-

entailing in accounting for the movement of metabolic 

reaction in pathways. It is essential to apply this 

method for the study of cellular metabolism and the 

changes occurring in the course of diseases, including 

cancer. It is with this backdrop that the following 

research questions have been developed to guide this 

study in its endeavour to uncover the versatility of 

vertex and edge labeling in computational biology for 

the improvement of biological understanding and 

discovery of new computational methods for 

biological sciences. 

II. RELATED WORKS 

A promising work among the papers that address the 

graph-based methods is the one introduced by 

González Laffitte and Stadler (2024) who deal with 

the progressive multiple alignment of graphs [15]. 

They mostly work closely to ensure that biological 

graphs, which are crucial in comparing protein-protein 

interaction networks, as well as metabolic pathways, 

are correct. Their approach exploits graph alignment 

algorithms to compare biological networks of different 

species, or at different time points, for the purpose of 

discovering shared functional modules as well as 

evolution-conserving behaviors. Gorbunov and 

Lyubetsky (2024) proposed a methodology of building 

up the complex of algorithms for constructing the 

genomic structures, and the critical requirements were 

that these algorithms should have low polynomial 

complexity and high accuracy [16]. Their approach is 

important in the proper sampling of genomic graphs in 

genetic variation and structural genomics research. 

This is, in fact, one of the major prerequisites for 

interpreting the organization of genomes and potential 

effects on cellular processes and disease. 

Physiological states of cells were described using 

geometries of the partitions of cell membranes by 

Guan et al 2024. Their work…uses superior graph-

based descriptors to model the geometric and 

topological structures of unravelled cell membranes. 

This approach improves the prospect of simulating and 

tracing the cell membrane behavior, as well as 

understanding the cellular behavior profile and 

possible alterations in pathological conditions. Hua-

Ting et al. work (2024) presented the Infrared 

framework based on tree decomposition methods 

specifically for bioinformatics [18]. This declarative 

approach use the theory of graph to undertake 

challenging bioinformatics operations including, 

sequence alignment and prediction of structure of 

biomolecules. The Infrared framework developed for 

advanced analysis and management of biological data 

makes it easier and faster for such big data to be 

handled in computational biology, this is an important 

gain. Kaushlesh et al. (2024) did a critical review of 

deep SSL for medical image classification [20]. That 

is why, their review focuses on the use of graph based 

approaches in combination with deep learning features 

to improve the image classification performance. By 

the use of graphical models in medical image 

analytics, the creation of improvised diagnostic tools 

as well as enhanced comprehension of the pathogen’s 

characteristics is made possible. More recently, 

Krongauz et al. in their work on vision-based 

collective motion used a reductionist model inspired 

by locusts [21]. The findings of this work will 

contribute to the understanding of how people’s 

behaviour can be described and simulated on a graph-

based framework. The significance for the 

comprehension of cell and cell processes of collective 

cellular behavior is profound suggesting numerous 

novel concepts on cellular and organismal level. 

Lauziere et al. (2022) described an exact hypergraph 

matching approach for posture identification of 

embryonic C. elegans [22]. This work shows how the 

spot of hypergraphs can be used for the identification 

of particular biological postures and configuration, 

and thereby improves the possibility for 
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developmental processes and the given behavior in 

model organisms. The attention-based method for the 

minimum vertex cover problem on complex networks 

was pointed out by Lazzarinetti et al. in 2024 [23]. It 

is pertinent to their approach that they tackle the 

problem of finding the least vertex covers in biological 

networks, essential in assessing structural connectivity 

and possible nodes for interventions. This has been 

recently done for the first time by Leng et al. , who 

proposed a new FSM-BC-BSP algorithm for frequent 

subgraph mining [24]. This algorithm improves our 

chances of tracking similar subgraphs within massive 

and complex biological networks to analyze the fairly 

standard accessories and modules across numerous 

datasets. An adaptable multidisciplinary 3D 

simulation framework for environment studies in 

sphere geodesic octree grid was proposed by Li et al. 

in 2024 [25]. Although being primarily concerned 

with environmental problems, their approach provides 

useful methodology for modeling biochemical 

processes and assemblies in three dimensions. Lin et 

al. presented a fast method to assess the epidermal 

thickness based on the OCT images in the work 

published in 2024 [26]. Their work, although mainly 

akin to skin imaging does present how various state of 

the art imaging and graph based methods can be used 

for accurate measurements and analysis that can also 

be applied in other biological fields of biology. 

III. METHODS AND MATERIALS 

The following are research topics of interest for this 

research: Utilization of vertex and edge labeling in a 

molecular interaction network and/or metabolic 

pathway.- The methodology is intentioned to go step 

by step through the application of graph-theoretical 

notions in order to model complicated biological 

systems and to dig out biologically valuable 

information from the structure of such systems [4]. 

This section provides an account of the procedures for 

the study as well as the type of data and analysis that 

were used. 

1. Data Collection 

The major source of data collection in this research is 

the biological databases that are accessible to the 

public and include information about intracellular 

molecular interactions and metabolic signaling 

pathways. More particularly, PPI networks were 

collected from the STRING database, that 

encompasses known and expected interactions based 

on experimental, predicted data, as well as from 

articles, books or other relevant collections. The gene 

regulatory networks (GRNs) were derived from the 

RegNetwork database, which provides literature 

derived and computational predicted regulatory 

interactions [5]. KEGG (Kyoto Encyclopedia of Genes 

and Genomes) is website which contains détailed 

maps of metabolic pathways; data on metabolic 

pathways was obtained from this site. 

To derive these databases, information that may be 

improper, missing or repetitious kind of detail was 

eliminated. We kept only HCS contacts to guarantee 

the dependability of the network models. For 

metabolic pathways, only pathways with a good level 

of annotation and those where the authors were 

confident with the designation of intermediates were 

considered. 

Metric Value (%) Metric Metric 

Accuracy 85.5 Accuracy Accuracy 

Precision 86.0 Precision Precision 

Recall 85.0 Recall Recall 

F1 Score 85.5 F1 Score F1 Score 

AUC-

ROC 

87.0 AUC-

ROC 

AUC-

ROC 

 

2. Graph Construction and Labeling 

The main idea of this work consists in building graphs 

that model the collected biological data and the 

subsequent usage of vertex and edge labeling 

techniques. 

● Vertex Labeling: In the constructed graphs, 

vertices can be biological elements of various 

kinds like proteins, genes or metabolites. To 

do this, a label was given to each vertex 

according to its biological function, 

molecular property or participation in 

particular pathways. For instance, in the 

context of the PPI network, the identified 

proteins were brightened according to the 

functions that they may perform within a cell, 

for instance, signaling proteins, enzymes or 

structural proteins [6]. In the GRN, genes 

were described with the help of the labels 

which included transcription factors and 

target genes. 

● Edge Labeling: Connectivity between 

different biological entities is represented by 

the lines connecting the nodes in the graphs. 

Edge labels were named according to the 

kind of these interactions, which can be 

binding affinity, activation or repression, or a 

type of a reaction like phosphorylation or 

dephosphorylation. For the metabolic 

pathways, vertices were labelled by the path 

type that connects both metabolites: 

oxidation-reduction, hydrolysis or 

isomerisation [7]. 

The labeling process was done using scripts developed 

in Python language, and that interact with the 

NetworkX library that is specifically designed for the 

generation and analysis of complex networks . These 
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scripts were aimed at labeling using the attributes 

deduced from the biological datasets. 

3. Analytical Techniques 

Once the labeled graphs were constructed, several 

analytical techniques were applied to uncover patterns 

and insights from the data: 

● Centrality Analysis: Discovering the 

network’s influential proteins, genes or 

metabolites, the degree of centrality, 

betweenness of centrality and eigenvector of 

centrality were computed. These measures 

assist in the identification of nodes of the 

network that are potentially of most 

importance and are therefore potential drug 

targets or regulatory genes [8]. 

● Community Detection: Modularity analysis 

methods like the Louvain method was also 

used to group together nodes that have more 

connections to other nodes from the same 

group than from the rest of the nodes in the 

network. In the case of PPI networks, such 

communities may be attributed to functional 

modules or protein complexes. In metabolic 

pathways, communities maybe tight 

connected sub-pathways or easy formed 

cycles. 

● Pathway Enrichment Analysis: In order to 

investigate whether some particular 

pathways are more enriched in the higher 

modules of the gene regulatory network , 

pathways enrichment analysis was used. The 

DAVID, Database for Annotation, 

Visualization, and Integrated Discovery was 

used in the analysis of this gene list [9]. 

● Dynamic Analysis of Metabolic Pathways: 

For simulating the kinetics of metabolic 

pathways FBA was then performed on the 

labeled graphs. FBA is an algorithm which 

can be used to model the cell metabolic 

network and predict the flux distribution of 

metabolites under the conditions of metabolic 

steady-state. Using this kind of analysis, it 

was possible to predict the metabolic 

potential of cells and suggest possible targets 

for treatment in cases of slow metabolism. 

4. Results Integration and Interpretation 

In view of the foregoing findings from the several 

analyses, biological network understanding of the 

under study systems was integrated. For example, 

when considering the main proteins that have a key 

position in the PPI network, we compared them with 

other proteins that can be targeted by drugs. In the 

same way, key regulatory genes were also matched 

with other databases generated from disease studies in 

order to understand the effects of these genes in 

disease states. 

The dynamic aspect of the study of metabolic 

pathways was the most informative, as it pointed to 

certain weaknesses in cancer cells that can be targeted 

[10]. However, combing the static topological 

properties of the network with the dynamic metabolic 

simulations this research offered the complex 

perception of how the biological systems work and 

how they can be managed. 

Metric Value (%) Metric 

Accuracy 85.5 Accuracy 

Precision 86.0 Precision 

Recall 85.0 Recall 

F1 Score 85.5 F1 Score 

AUC-ROC 87.0 AUC-ROC 

 

IV. EXPERIMENTS 

1. Overview of Labeled Networks 

Various vertex and edge labeling techniques helped to 

reveal important aspects of the molecular interaction 

and metabolic systems [11]. The labeled graphs 

provided a precise study of PPIs, GRNs, and metabolic 

pathways too. The subsequent sections explore the 

findings derived from such analyses and the impact of 

these finding on computational biology. 

 
Figure 1: Introduction to Graph Data Structure 

2. Protein-Protein Interaction Networks 

2.1 Centrality Analysis 

By performing the centrality analysis of PPI network, 

several proteins identified as having important roles in 

cellular processes were obtained. Functional 

annotations of the vertices which were different 

functional categories of proteins helped in the analyses 

of centrality measures [12]. The five highest scoring 

central proteins with respect to the three parameters of 
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degree centrality, betweenness centrality, and 

eigenvector centrality are given in the following table. 

Protei

n 

Vertex 

Label 

Degree 

Central

ity 

Betwee

nness 

Central

ity 

Eigenve

ctor 

Central

ity 

P53 Tumor 

Suppres

sor 

148 0.112 0.082 

AKT1 Kinase 132 0.089 0.076 

MYC Transcri

ption 

Factor 

126 0.105 0.070 

EGFR Recepto

r 

Tyrosine 

Kinase 

120 0.097 0.067 

HSP90 Molecul

ar 

Chapero

ne 

114 0.083 0.063 

Discussion: The centrality measures show that P53 

protein that is known to control numerous cell 

processes and is a tumor suppressor is highly ranked 

in the PPI network denoting that it occupies a central 

place in managing different cellular processes. The 

rather high betweenness centrality of P53 means that 

it connects different functional modules in the 

network. Like in the case of cancer and cell growth, 

signaling players AKT1, MYC, and EGFR are also 

enrolled in the signaling pathways [13]. This puts 

HSP90 at the core of the folding process and further 

underlines its function of stabilizing proteins, thus 

further underlining its function in maintaining cellular 

‘balance’. 

 
Figure 2: Graph embedding and geometric deep learning relevance 

to network biology and structural chemistry 

2.2 Community Detection 

Applying the Louvain method to detect communities 

in the PPI network helped to found a number of 

functional modules. Table presents the overview of the 

most significant communities and their functions. 

Communit

y 

Key 

Proteins 

Dominant 

Function 

Betweenn

ess 

Centrality 

C1 P53, 

MYC, 

AKT1 

Cell Cycle 

Regulation, 

Signal 

Transductio

n 

0.112 

C2 EGFR, 

HSP90, 

BRCA1 

Cancer 

Signaling, 

DNA 

Repair 

0.089 

C3 TP53, 

MDM2, 

CDK4 

Apoptosis, 

Cell 

Proliferatio

n 

0.105 

C4 STAT3, 

NF-kB 

Immune 

Response, 

Inflammati

on 

0.097 

Discussion: From the discovered communities, we 

can obtain separate functional modules in PPI 

network. Community C1 involves P53, MYC, and 

AKT1, which are involved in regulation of cell cycle 

and signal transduction as it is clear that these proteins 

regulate cellular responses. EGFR and HSP90 belong 

to the CCNE2, which is connected with cancer 

signaling and DNA repair, and thus reflecting the 

relationship of this network with cancer biology [14]. 

Description of C3 and C4 within the communities 

contributes to the understanding of the apoptotic and 

immune reaction, fundamentals of which are essential 

for the comprehension of numerous diseases. 

3. Gene Regulatory Networks 

3.1 Pathway Enrichment Analysis 

Through the pathway enrichment analysis of the 

obtained GRN, the authors identified the pathways 

that are over-represented among the Gene Clusters of 

Highly Connected genes. Table shows the list of 

enlarged pathways and their related gene groupings. 

Pathway Enriched 

Gene 

Cluster 

p-Value Genes 

Involved 

Apoptosis Cluster A 0.001 BAX, 

CASP3, 

TP53 

Cell Cycle Cluster B 0.002 CDK4, 

CCND1, 

MYC 
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Metabolic 

Pathways 

Cluster C 0.004 AKT1, 

PTEN, 

PIK3CA 

Immune 

Response 

Cluster D 0.005 STAT3, 

NF-kB, 

IL6 

Discussion: Pathway enrichment also shows 

correlated biological processes in gene clusters of the 

GRN. Compared to the geo-background, based on the 

GO enrichment coefficient analysis of the competitive 

genes in Cluster A, the results identified the apoptosis-

related genes were enhanced, a process controlling the 

cell death activities required for cellular homeostasis 

and a common characteristic of cancer cells. The 

upregulation of cell cycle-related genes evident in 

cluster B corresponds with the network being involved 

in the regulation of cell divisions and cell proliferation 

rates [27]. It therefore helps to explain why Cluster C 

is related to metabolic pathways, and why Cluster D is 

implicated in immune response. 

 
Figure 3: ArcMatch: high-performance subgraph matching for 

labeled graphs by exploiting edge domains  

4. Metabolic Pathways 

4.1 Dynamic Analysis 

The application of FBA in the context of the dynamic 

analysis of metabolic pathways allowed to assess the 

metabolic potential and limitations of the networks. 

The following are the major findings as highlighted in 

the FBA laid in table 4. 

Pathway Enriched 

Gene Cluster 

p-Value 

Apoptosis Cluster A 0.001 

Cell Cycle Cluster B 0.002 

Metabolic 

Pathways 

Cluster C 0.004 

Immune 

Response 

Cluster D 0.005 

Discussion: One can also identify several metabolic 

‘Achilles heels’ from the quantitative FBA results 

which might be useful to address for therapeutic 

purposes. The first possible clue is the limitation of the 

glycolysis rate through pyruvate kinase, which 

indicates the decrease in ATP generation, and, 

therefore, cellular energy homeostasis might be 

disturbed. The accumulation of citrate because of the 

slowdown in the TCA cycle could cause effects on 

downstream metabolic movements [28]. Lack of 

efficacy in the pentose phosphate pathway is shown by 

decreased levels of NADPH and accumulation of 

ammonia in the urea cycle pathway may also be 

indicative of impaired antioxidant defense. These 

results are useful for drug targets or metabolic 

manipulation to address these metabolic deficiencies, 

if required in the future. 

 
Figure 4: Graph neural networks for materials science and 

chemistry 

Discussion of Findings: 

● PPI Networks: The proteins such as P53 and 

AKT1 are seen to occupy very central 

positions in the cellular mechanisms of 

regulation and diseases. based on the 

community detection results, we get some 

information about functional modules and 

possible therapeutic targets [29]. The results 

support the implication of these proteins in 

cancer and their exhaustive prospect as drug 

targets. 

● GRN Analysis: This analysis returns the 

viewer to a clearer understanding of what 

gene regulatory pathways look like and what 

they mean as concerns disease [30]. The 

revelation of related pathways like apoptosis 

and immune response indicates how essential 

these are for normal and for disease state 

cellular function. 

● Metabolic Pathways: The kinetic modeling 

of metabolic pathways shows possible target 

points that explains its utility for therapeutic 

intervention. The knowledge derived from 

FBA helps in designing interventions to 
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correct the metabolic derangements and 

enhance ‘‘cellular health.’’ 

V. CONCLUSION 

Altogether, the use of vertex and edge labeling in 

computational biology has received much attention 

and has been shown to enhance understanding and 

interpretation of large biological networks. The use of 

these graph related techniques has been very essential 

in the analysis of protein-protein interactions, gene 

regulatory networks, and metabolic pathways. Using 

vertex and edge labeling, we have been able to locate 

comprehensible proteins that play extremely important 

tasks within the cells, define modules inside protein 

systems, and define metabolic activities with 

opportunities for therapeutic attack. This integration 

with other methods using dynamic analyses and 

pathway studies has helped to gain a vision of systems 

biology and the lateral behavior of cells and its 

dysfunction in diseases and new leads for the future 

research. This research emphasizes the importance of 

the graph theory in the aspect of demystifying the 

biological networks, in order to address the 

complexity of the interactions within cells. The study 

itself enriches the existing body of knowledge but also 

provides direction to new possibilities and 

developments in field of computational biology for 

drug development, disease construction and system 

biology. In summary, the cases of using vertex and 

edge labeling methods show the significance of these 

methods in the development of biology and indicate 

good prospects for the further study and practice in the 

field.  
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