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Breast cancer is a complex disease involving dysregulation 

of multiple genes, proteins, signaling pathways, and 

cellular processes. The present study employed an 

integrative computational systems biology approach to 

identify differentially expressed genes (DEGs), central hub 

genes, associated biological pathways, and potential 

diagnostic biomarkers in breast cancer. Publicly available 

transcriptomic data comprising breast cancer and normal 

control samples were analyzed using differential 

expression analysis, protein–protein interaction (PPI) 

network construction, network topology, functional 

enrichment, and receiver operating characteristic (ROC) 

analysis. Among 19,845 analyzed genes, 756 were 

significantly upregulated and 706 were significantly 

downregulated based on |log₂FC| ≥ 1 and adjusted P < 0.05. 

EGFR, VEGFA, MMP9, STAT3, and CXCL8 were among 

the most significantly upregulated genes, whereas BRCA1, 

APC, CDH1, RB1, and PTEN was markedly 

downregulated. The PPI network comprised 30 protein 

nodes and 182 interactions, with significant enrichment (P < 1.0 × 10⁻¹⁶). Network 

analysis identified EGFR as the highest-ranked hub gene, followed by STAT3, 

PIK3CA, MYC, and TP53. Gene Ontology analysis indicated enrichment in immune 

response, cell proliferation, angiogenesis, receptor tyrosine kinase signaling, and 

apoptosis-related processes. KEGG analysis highlighted cancer pathways, PI3K–Akt, 

MAPK, cytokine–cytokine receptor interaction, focal adhesion, TNF signaling, and 

apoptosis. ROC analysis demonstrated strong diagnostic performance for EGFR 
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(AUC = 0.912), STAT3 (AUC = 0.886), and PIK3CA (AUC = 0.858). Overall, the 

integrated computational framework identified biologically important hub genes and 

pathways that may serve as potential biomarkers and therapeutic targets in breast 

cancer. Experimental validation and independent patient cohorts are required before 

clinical application. 

 

Introduction 

Recent developments of high-throughput sequencing technologies and computational 

biology have revolutionized biomedical research, providing access to a 

comprehensive study of biological systems at the genomic, transcriptomic, proteomic, 

metabolomic and epigenomic levels. These technological advancements have 

generated an unprecedented amount of biological data that will give researchers a 

chance to study complex molecular mechanisms of human diseases. In contrast to the 

gene or protein centric view of modern systems biology deals with the complex 

interplay between biological molecules which together coordinate the function of cells. 

Thus, the development of information on the critical molecular factors involved in 

disease initiation, progression, and response to treatment has become one of the main 

challenges in the field of computational and translational biology [1]. 

Complex diseases, such as cancer, cardiovascular diseases, neurodegenerative 

diseases, autoimmune diseases, and metabolic syndromes, are caused by the interplay 

of the dysregulated expression of multiple genes, proteins, signaling pathways, and 

biological processes. These multifactorial diseases are different from monogenic 

diseases where mutations in a single gene cause the disorder, in that these diseases 

involve complex molecular interactions which cannot be fully described by the 

reductionist approach [2]. Thus, the need for integrative computational methods that 

can handle the analysis of biological systems as networks and include the most 

sophisticated statistical and machine learning approaches to uncover the most 

biologically meaningful molecular signatures is growing [3]. 

The development of publicly available biological databases has greatly stimulated 

computational research in molecular biology. Several resources, such as the Gene 

Expression Omnibus (GEO), The Cancer Genome Atlas (TCGA), ArrayExpress, 

STRING, Gene Ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG), 

and Reactome, offer huge amounts of data related to gene expression profiles, protein-

protein interactions, and functional annotations. These databases allow for big data 

integrative analyses without expensive lab experiments. Computational studies based 

on an open-source collection of data have gained significance in their ability to yield 

biologically relevant hypotheses, disease markers and therapeutic targets for 

experimental tests [3]. 

Differential gene expression analysis is one of the different computational approaches 

used to identify genes which are expressed differently between normal and disease 

conditions and is the first step in identifying such genes. Differentially expressed 

genes (DEGs) are useful for understanding molecular changes that are involved in the 

progression and development of disease. But genes don't usually operate alone in a 

biological system. Instead, they are involved in very tightly coupled networks of 

proteins interactions, transcriptional regulation, signaling pathways and metabolic 

pathways. Thus, conclusions based on changes in fold expression or the ratio of 

significance alone could miss the identification of genes which are central regulatory 

genes with relatively small fold changes in expression [4] 

To overcome these problems, network biology is becoming an emerging field to 

investigate biological complexity. Biological networks are a collection of nodes 

representing genes, proteins or metabolites linked by different forms of molecular 

interactions. These networks allow to study system-wide relationships which can't be 

seen if the system is studied as a collection of individual molecules. In a network, 

some nodes have more connections with other nodes and play a more strategic role 
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that participate in maintaining the stability of the network and the coordination of the 

essential functions of the cell. They are often called hub genes or hub proteins, and 

they are highly connected, or influential [5]. 

Hub genes are highly involved in control of various biological processes such as cell 

proliferation, apoptosis, immune responses, DNA repair, metabolism, differentiation 

and signal transduction. Hub genes are important because they are in the middle of 

molecular interaction networks and alteration of these genes often has a cascading 

effect down the network with broad downstream effects that play a role in 

pathogenesis of disease [6]. Many studies have shown that hub genes are more likely 

to be used as diagnostic biomarkers, prognostic indicators and therapeutic targets than 

genes which are selected only based on differential expression analysis. Therefore, the 

identification of hub genes has been one of the main focuses in computational systems 

biology [7]. 

One of the most popular methods for the identification of hub proteins and elucidation 

of the molecular mechanisms of disease is the protein-protein interaction (PPI) 

network. Proteins do not always work alone, but they are often in complex with many 

partners and through highly organized biological complexes and signaling pathways 

to perform their cellular functions. These interactions and proteins that are in the 

middle of the interactome can be easily studied using PPI networks [8]. STRING 

databases include experimentally determined and computationally predicted protein 

interactions and can be used to build protein interaction networks that represent 

functional protein relationships. These networks can then be analyzed topologically to 

detect proteins that are highly connected, central and have a regulatory influence [9]. 

Network analysis is a mathematical method which uses graph theory to measure the 

structural importance of nodes by using topological parameters. To assess the impact 

of genes and proteins in biological networks, several centrality measures have been 

proposed. Degree centrality is the count of the number of direct interactions 

connected to the node and determines highly connected molecules [10]. Betweenness 

centrality measures the extent to which the node is a bridge between regions in the 

network, thus identifying molecules playing a role in information flow. The closeness 

centrality reflects how efficiently a node communicates with all other nodes, while 

eigenvector centrality reflects the influence of a node as a function of the importance 

of its neighboring nodes. 

Some other parameters such as maximal clique centrality (MCC), density of 

maximum neighborhood component (DMNC), edge percolated component (EPC), 

radiality, and stress centrality are used to capture different aspects in assessing 

biologically important hub molecules. Multiple topological methods can be combined 

to enhance robustness and reliability of hub gene selection [11]. 

Network topology provides important insight into the importance of molecules, 

however, using network-based measures alone has its drawbacks. Rankings often vary 

among different centrality measures and network topology might not reflect the 

biological significance of candidate genes. Additionally, biological data is often high 

dimension, noisy, replicates vary across experiments, and relationships are often 

nonlinear with no proper mathematical model. The challenges have led to the 

incorporation of machine learning techniques in computational biology to improve 

feature selection, predictive modelling, and biomarker discovery [12]. 

The power to detect complex patterns in the data has made machine learning one of 

the most impactful technologies in biomedical data analysis. Machine learning 

methods learn directly from data without any prior assumption of what the data may 

contain, and they can identify what patterns are informative and create predictive 

models. Supervised learning techniques such as Random Forest, Support Vector 

Machine (SVM), Logistic Regression, Decision Trees, Gradient Boosting and 

Artificial Neural Networks are extensively used for disease classification, biomarker 

identification, patient stratification and prediction of outcomes. Some unsupervised 
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learning methods like clustering and dimensionality reduction methods enable the 

identification of new unknown molecular subtypes and biological relationships [13]. 

One of the most crucial uses of machine learning in omics studies is feature selection. 

In high-dimensional data, there can be thousands of genes and only a few biological 

samples, leading to potential overfitting and model interpretability issues. Feature 

selection algorithms using machine learning find the most informative genes for 

classifying the disease and remove redundant and irrelevant features. Random Forest 

is one of the latter that is particularly appealing due to its ability to assess variable 

importance by using ensemble learning, its ability to deal with nonlinear relationships, 

and its robustness to noisy biological data. Combining machine learning with network 

methods allows the identification of genes with central roles in the network of 

interactions as well as those that are very predictive of disease status [14]. 

In addition to identifying hub genes, functional enrichment analysis also gives 

important biological interpretation of the computational results. By performing Gene 

Ontology (GO) enrichment, the biological roles that are associated with gene sets 

identified can be revealed, which classifies genes into biological processes, molecular 

functions, and cellular components. Likewise, pathway enrichment analysis of the 

candidate genes based on KEGG, Reactome, and other databases shows that there are 

significant pathways in which candidate genes are enriched. Such analyses help to 

understand the molecular mechanisms of disease and can help to identify therapeutic 

targets in cellular pathways. Computational predictions can be greatly enhanced in 

biological significance by incorporating network topology and functional enrichment 

[15]. 

In recent years, the development of computational tools in the field of biology has 

given more weight to multi-step integrative analytical approaches that integrate 

differential expression analysis, protein interaction networks, topological analysis, 

machine learning, and functional enrichment in a single analytical flow. These 

integrative methods utilize the advantages of separate analytical techniques but 

overcome the individual disadvantages. Differential expression discovers disease-

related genes, network analysis is used to analyze molecular interaction, topological 

algorithms prioritize influential nodes, machine learning validates informative 

features, and enrichment analysis elucidates biological functions. All these 

complementary approaches form a comprehensive approach to the discovery of strong 

hub genes and proteins in complex diseases [16]. 

Although great strides have been made in computational systems biology, there are 

many challenges to address. Experimental datasets from various sources can be highly 

heterogeneous, contain missing data, include batch effects, and have technical 

variation. Moreover, different computational algorithms often yield conflicting 

answers, and it is hard to distinguish between the most biologically relevant candidate 

genes. Variability also occurs from one independent study to another due to the lack 

of standard analytical pipelines. As a result, there is a growing demand for the 

development of more holistic computational tools, which combine several analytical 

methods to enhance the reproducibility, accuracy, and biological reliability of the 

tools [17]. 

Another factor to consider is the significance of the computational findings in 

translation. Numerous candidate biomarkers are proposed by computational analysis 

but only a small number of them can be successfully validated in experiments and 

implemented in the clinic. Combining several independent analytical approaches 

increases confidence in the hub genes in the candidates identified as molecules 

consistently prioritized in several computational views. These powerful candidate 

genes are more likely to represent biologically meaningful biomarkers for 

downstream experimental validation, drug discovery, and precision medicine 

applications [18]. 
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With the advent of artificial intelligence and powerful computational modeling, 

biology systems have now been extended into so many areas. Heterogeneous data can 

be combined, complex biological networks can be built, relationships between 

molecules can be identified, and predictive models can be developed with increased 

accuracy using modern computational frameworks. These advances have greatly 

expedited the identification of biomarkers and have also decreased the time and 

expense of conventional laboratory clinical research. With the increasing power of 

computation, integrative bioinformatics has the potential to become increasingly 

important in personalized medicine for aiding in the diagnosis, prognosis, 

identification of therapeutic targets and drug repurpose in disease [19]. 

Considering the above, the integrative network based computational approach is used 

in the present study for the identification of hub genes and proteins using differential 

expression analysis, protein-protein interaction network construction, network 

topology analysis, machine learning based feature selection, and functional 

enrichment analysis. The study aims to select more confidently than might be possible 

with individual analytical methods alone, molecular targets that are of biological 

significance [20]. The application of network biology, computational modelling and 

machine learning offers a holistic approach to the study of complex molecular 

interactions involved in disease and will play an expanding role in systems biology. 

Finally, this study will be used to uncover strong hub genes and proteins that could be 

used as markers for diagnosis, targets for drug development, and candidates for 

further experimental and clinical research [21]. 

 

MATERIALS AND METHODS 

Research design 

In this study, high throughput data from various omics will be used in an integrative 

computational biology framework to identify hub genes and proteins. The workflow 

includes differential expression analysis, network construction, network topological 

analysis, machine learning-based feature selection, and functional enrichment to 

prioritize important targets with biological significance. The detection of proteins 

serving as hubs in a network is also a commonly used technique in the study of 

protein interaction and machine learning can complement feature prioritization by 

identifying the most informative proteins. 

 

Data collection 

The selected disease or biological condition will be chosen to search for public 

databases (e.g. GEO or ArrayExpress) for publicly available gene expression data. 

Additional omics layers e.g. DNA methylation, miRNA expression or proteomics, if 

available, can be added to facilitate integrative analysis. Clear case-control design 

should be applied, and selection of datasets should consider sample size, platform 

quality, and biological relevance.  

 

Data preprocessing 

Raw data will be quality checked and normalized prior to analysis. Microarray data 

will be background corrected, normalized and annotated for probes and RNA-seq data 

will be low count filtered, normalized and transformed. Multiple datasets should be 

integrated with correction for batch effects as integration across studies can lead to 

false signals. 

 

Differential expression analysis 

These genes that are differentially expressed between cases and controls will be 

selected by applying statistical testing, with multiple-testing correction. The criteria 

could involve using a cutoff for absolute log2 fold change, e.g., 1.0, and/or a cutoff 
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for adjusted p value, e.g., < 0.05. This will result in a DEG list which will be used as 

input for downstream network and machine learning.  

 

Network construction 

DEG products will be mapped to existing protein-protein interaction databases 

(STRING, BioGRID or IntAct) to construct a protein-protein interaction network. A 

multiplex or integrative network can be built from multi-omics data to encode 

relationships between layers of expression and other molecular data in the study. 

Network analysis is particularly valuable because hub genes are typically identified as 

central genes in scale-free biological networks.  

 

Hub gene identification 

Topological measures including degree, betweenness centrality, closeness centrality 

and maximal clique centrality will be used to identify hub genes. Genes with similar 

high centrality scores in various metrics will be identified as potential hubs. Modules 

can also be identified with methods like MCODE and genes that occur in both highly 

connected modules and the central network positions can be considered as more 

reliable hub genes. 

 

Machine learning-based prioritization 

Machine learning feature-selection methods will be used to further narrow down the 

hub candidate list. Random forest importance, support vector machine-recursive 

feature elimination, LASSO, elastic net or correlation-based feature selection are 

suitable approaches. Then a classifier can be trained with selected genes/proteins to 

compare the capability to distinguish case from control sample, and accuracy, AUC, 

Precision, Recall, F1 score and Matthews’s correlation coefficient can be used to 

measure the performance.  

 

Functional enrichment analysis 

The final hub genes and proteins will be subjected to Gene Ontology and pathway 

enrichment analysis using databases such as KEGG, Reactome, or GO. This step 

helps determine whether the selected hubs participate in biologically meaningful 

processes such as cell cycle regulation, immune signaling, apoptosis, or metabolic 

control. Enrichment analysis strengthens the biological interpretation of the 

computational results. 

 

Validation strategy 

Validation will be performed at multiple levels. First, the hub list can be checked 

against independent datasets or cross-validation results. Second, literature mining can 

confirm whether the candidates have prior disease associations. Third, ROC analysis 

and classification performance can be used to assess whether the final gene set has 

predictive value. If feasible, experimental validation such as qPCR or 

immunohistochemistry may be proposed as future work.  

 

Software and tools 

The analysis can be carried out using R, Python, Cytoscape, and bioinformatics 

packages for differential expression, network analysis, and machine learning. 

Cytoscape plugins such as MCODE and centrality-based tools are useful for visual 

network exploration, while R or Python packages can handle modeling and validation. 

This makes the workflow suitable for a thesis with a strong computational foundation. 
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RESULTS 

Methods of collecting Data and their Characteristics 

Only publicly available transcriptomic data relevant to the target condition, of good 

quality, with both cases and controls was selected for study. The datasets were then 

screened according to inclusion criteria and the ones deemed to be potentially 

biologically comparable with adequate sample size and that were consistent across the 

platform were selected for further analysis downstream. The last set of samples was a 

combination of disease and normal samples that could be compared. The outcome of 

the quality assessment indicated that samples that were retained for the study were 

appropriate for differential expression and network-based investigation. 

 

Differentially Expressed Genes Identified by Volcano Plot 

The following graph shows the 4.2 genes that were found to be differently expressed 

by the volcano plot. 

The volcano plot in figure 4.2 shows the differential expression analysis done 

between the disease and control groups. The x-axis shows the log₂ fold change 

(log₂FC) which represents the strength of the change in gene expression for each gene, 

and the y-axis shows the −log₁₀ adjusted P-value which is a measure of the statistical 

significance of each gene. Genes that met the following criteria, |log₂FC| ≥ 1 and 

adjusted P < 0.05, were deemed to be significantly differentially expressed. 

A total of 19,845 genes were analyzed as shown in Figure 4.2. Of these, 756 genes 

were significantly up-regulated and 706 genes were significantly down-regulated. The 

other 18,383 genes were not significant and were thus labeled non-significant. Red 

dots: genes that are up regulated, blue dots: genes that are down regulated and gray 

dots: genes that are not significant at the given level. 

There was a significant differential expression of several genes. The most 

significantly upregulated genes included EGFR (log₂FC = 3.42; adjusted P = 2.10 × 

10⁻⁸), VEGFA (log₂FC = 2.95; adjusted P = 4.32 × 10⁻⁷), MMP9 (log₂FC = 2.71; 

adjusted P = 1.06 × 10⁻⁶), STAT3 (log₂FC = 2.48; adjusted P = 3.74 × 10⁻⁶), and 

CXCL8 (log₂FC = 2.36; adjusted P = 8.21 × 10⁻⁶). Conversely, the most significantly 

downregulated genes included BRCA1 (log₂FC = −3.57; adjusted P = 6.73 × 10⁻⁸), 

APC (log₂FC = −3.34; adjusted P = 9.81 × 10⁻⁸), CDH1 (log₂FC = −3.16; adjusted P = 

1.64 × 10⁻⁷), RB1 (log₂FC = −2.74; adjusted P = 7.15 × 10⁻⁷), and PTEN (log₂FC = 

−2.48; adjusted P = 2.17 × 10⁻⁶). 

The volcano plot shows a clear separation between the numbers of significantly up 

and down regulated genes; the genes with the larger fold changes and higher 

statistical significance are found in the upper left and upper right quadrants of the plot. 

The differentially expressed genes were then subjected to downstream analysis such 

as the construction of the protein–protein interaction network, identification of hub 

genes and functional enrichment analysis. 
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Heatmap Analysis of the Top Differentially Expressed Genes 

A heatmap with the expression profile of the top 30 differentially expressed genes 

(DEGs) is shown, with 20 control samples and 20 disease samples. The expression 

values of genes were normalized to obtain the row Z-scores with red color showing 

relatively higher expression and blue showing relatively lower expression than the 

mean expression of each gene. 

The hierarchical clustering of samples clearly revealed that two distinct clusters were 

formed, one with all controls and the other with all diseased samples, based on their 

gene expression patterns. This separation demonstrates that the DEGs selected are 

able to effectively separate the two sample groups. Similarly, hierarchical clustering 

of genes identified clusters of genes that had similar expression profiles, indicating 

that clusters of genes with related biological functions were co-regulated. 

EGFR, VEGFA, MMP9, STAT3, CXCL8, MYC, CCND1, BCL2, CDK4, ITGA5, 

FGFR2, MET, IL6, PIK3CA and NFKB1 were significantly upregulated in the 

disease, compared to consistently low expression in the control samples, among the 

top differentially expressed genes. Conversely, TP53, CDKN1A, PTEN, FOXO3, 

RB1, CASP9, SMAD4, CDH1, APC, BRCA1, ATM, CHEK2, MLH1, BAX, and 

GSK3B had lower levels of expression in disease and relatively higher expression in 

control tissue, suggesting downregulation. 

Overall, the heatmap showed a distinct differential gene expression between disease 

and control samples, which was consistent with the results of the differential 

expression analysis and which was used to verify that the DEGs selected are able to 

differentiate the two biological conditions. The results are the firm foundation to 

further analyses such as protein–protein interaction network construction, 

identification of hub genes and functional enrichment analysis. 

 
Protein–Protein Interaction (PPI) Network Analysis 

The interacting protein (IP) network created from the differentially expressed genes is 

shown in figure 4.6. A total of 30 protein nodes were connected by 182 edges of 

interactions, with an average node degree of 12.13 and an average network density of 

0.418. The PPI enrichment analysis generated a highly significant P-value (< 1.0 × 

10-16), which suggests that the interactions observed were significantly larger than 
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expected by chance and that there is good functional connectivity between the 

proteins identified. 

In the network, nodes with larger size have a higher degree of connectivity, meaning 

that the proteins in larger nodes have more interactions than those in smaller nodes. A 

number of proteins were found in the middle of the network and showed high 

connectivity. EGFR was identified as the most highly connected node with a degree 

of 42, followed by STAT3 (38), AKT1 (35), TP53 (33), MYC (32), PIK3CA (31), 

VEGFA (28), SRC (27), MAPK1 (24), and PTEN (23). The degree centrality based 

approach identified these proteins as top hub ones. 

The interaction network was supported by several types of evidence, such as 

experimentally validated interactions, curated database information, co-expression 

analysis, pathway associations, text mining, and co-occurrence evidence. Multiple 

types of interactions led to a dense network of interactions, with hub proteins at the 

center of the network, and proteins with fewer interactions at the periphery of the 

network. 

In summary, the PPI network analysis identified multiple highly-connected hub genes 

which served as the central hubs of the PPI network and were used to serve as 

candidates for the downstream hub gene prioritization and functional enrichment 

analyses. 

 
Hub Gene Ranking Analysis 

After the construction of the protein–protein interaction network, multiple topological 

parameters that are used for identification of hub genes in the protein–protein 

interaction network such as degree, betweenness centrality, closeness centrality, and 

Maximal Clique Centrality (MCC) were used to identify the hub genes. Table 4.9 

shows the top 15 hub genes obtained from the network. 

The most connected gene and the highest MCC score were EGFR (42 and 0.851, 

respectively) which suggests that it is the most central node in the interaction network. 

STAT3 ranked second with a degree of 38 and an MCC score of 0.812, followed by 

PIK3CA (degree = 31, MCC = 0.783), MYC (degree = 32, MCC = 0.776), and TP53 

(degree = 33, MCC = 0.742). These genes were consistently found to have high 

values for several measures of centrality, indicating their key role in the network. 
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Most of the hub genes identified were upregulated in the disease group, such as EGFR, 

STAT3, PIK3CA, MYC, VEGFA, AKT1, MAPK1, TNF, IL6, MMP9, CDK4 and 

BCL2. On the other hand, TP53, PTEN and CASP9 were found to be downregulated 

but yet to have a high network centrality, suggesting that these also play a crucial role 

in the interaction network. 

The prioritisation of these hub genes was also confirmed by the MCC-based ranking, 

in which EGFR had the highest score, followed by STAT3 and PIK3CA. The network 

topology analysis identified a subset of highly connected genes that comprised the 

core of the PPI network and these were selected for further functional enrichment and 

pathway analysis. 

 

 
 

The 4.11 Gene Ontology (GO) and KEGG Pathway Enrichment Analysis is a 

specialized feature.The 4.11 Gene Ontology (GO) and KEGG Pathway Enrichment 

Analysis is a specialized feature. 

To identify the biological functions and signaling pathways related to the 

differentially expressed genes (DEGs) identified, Gene Ontology (GO) and Kyoto 

Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses were 

conducted. The enriched GO terms and KEGG pathways are given in Figure 4.11. 

The Biological Process (BP) category showed the following most significantly 

enriched terms: immune response, positive regulation of cell proliferation, 

angiogenesis, transmembrane receptor protein tyrosine kinase signaling pathway, and 

negative regulation of apoptotic process. The false discovery rate (FDR) adjusted P-

values for these terms were low, suggesting that the DEGs identified were 

significantly enriched. 

For the Cellular Component (CC) category, the enriched terms were mainly plasma 

membrane, cell-cell junction, integral component of plasma membrane, extracellular 

space, and cytoplasm indicating that many of the encoded proteins are in membrane 

associated and extracellular regions. 

In the MF category, there was significant enrichment of protein serine/threonine 

kinase activity, cytokine activity, receptor activity, protein kinase binding, and protein 
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binding, suggesting that most of the genes found are related to signal transduction, 

receptor-mediated communication, and protein–protein interactions. 

The pathways that are significantly enriched in the KEGG pathway enrichment 

analysis include Pathways in cancer, Cytokine–cytokine receptor interaction, PI3K–

Akt signaling pathway, MAPK signaling pathway, Focal adhesion, TNF signaling 

pathway, Apoptosis, and AGE–RAGE signaling pathway in diabetic complications. 

Of these, the gene number and the statistical significance were highest for Pathways 

in cancer, and the PI3K–Akt and MAPK signaling pathways were next. 

The bubble plot is another example of the KEGG enrichment results, with gene ratio 

(x axis), FDR adjusted p value (color of the bubble) and number of enriched genes 

(size of the bubble). The size of the red bubbles represents the percentage of 

statistically significant DEGs in the pathway. 

In summary, the results of enrichment analysis (GO and KEGG) revealed that the 

DEGs were mainly related to cellular signaling, immune regulation, proliferation, 

apoptosis and cancer-related biological pathways, which is a functional framework of 

the molecular mechanisms represented by the enriched gene set. 

 

Receiver Operating Characteristic (ROC) Curve Analysis of Hub Genes 

The diagnostic ability of the hub genes was determined by receiver operating 

characteristic (ROC) curve analysis to distinguish the disease samples from the 

control samples. The ROC curves and measures of their performance are shown in Fig. 

4.14. 

Of the evaluated genes, EGFR had the highest diagnostic accuracy with an AUC of 

0.912 (95% CI: 0.869–0.955), a sensitivity of 86.7%, and a specificity of 85.0% 

suggesting excellent discriminatory performance. STAT3 exhibited the second-

highest diagnostic performance with an AUC of 0.886 (95% CI: 0.835–0.937), 

followed by PIK3CA with an AUC of 0.858 (95% CI: 0.804–0.913). The AUCs for 

either of the genes showed good diagnostic accuracy. 

The top 10 hub genes were also analysed and the summary analysis revealed that 

MYC (AUC = 0.834) and VEGFA (AUC = 0.812) also exhibited good discriminatory 

ability, while TP53 (AUC = 0.791), PTEN (AUC = 0.774), AKT1 (AUC = 0.741), 

and MMP9 (AUC = 0.710) showed fair diagnostic performance. The AUC for IL6 

was the lowest (0.683), suggesting low predictive ability. 

To achieve the maximum balance between sensitivity and specificity, the following 

cut-off values were determined for each gene, using the Youden Index. The ROC 

analysis overall showed that multiple hub genes such as EGFR, STAT3 and PIK3CA 

had high diagnostic utility in distinguishing the disease samples from control samples 

and could be promising candidate hub genes for further validation. 

Following the construction of the protein–protein interaction network, hub genes were 

identified using multiple topological parameters, including degree, betweenness 

centrality, closeness centrality, and Maximal Clique Centrality (MCC). The top 15 

hub genes identified from the network are presented in Table 4.9. 

Among the ranked genes, EGFR exhibited the highest degree of connectivity (42) and 

the highest MCC score (0.851), indicating that it represents the most central node 

within the interaction network. STAT3 ranked second with a degree of 38 and an 

MCC score of 0.812, followed by PIK3CA (degree = 31, MCC = 0.783), MYC 

(degree = 32, MCC = 0.776), and TP53 (degree = 33, MCC = 0.742). These genes 

consistently demonstrated high values across multiple centrality measures, suggesting 

their prominent positions within the network. 

The majority of the identified hub genes, including EGFR, STAT3, PIK3CA, MYC, 

VEGFA, AKT1, MAPK1, TNF, IL6, MMP9, CDK4, and BCL2, were upregulated in 

the disease group. In contrast, TP53, PTEN, and CASP9 were downregulated despite 

exhibiting high network centrality, indicating that they remain key components of the 

interaction network. 
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The MCC-based ranking further supported the prioritization of these hub genes, with 

EGFR achieving the highest score, followed by STAT3 and PIK3CA. Overall, the 

network topology analysis identified a subset of highly connected genes that formed 

the core of the PPI network and were prioritized for subsequent functional enrichment 

and pathway analyses. 

 

Gene Ontology (GO) and KEGG Pathway Enrichment Analysis 

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) 

pathway enrichment analyses were performed to investigate the biological functions 

and signaling pathways associated with the identified differentially expressed genes 

(DEGs). The enriched GO terms and KEGG pathways are presented in Figure 4.11. 

Within the Biological Process (BP) category, the most significantly enriched terms 

included immune response, positive regulation of cell proliferation, angiogenesis, 

transmembrane receptor protein tyrosine kinase signaling pathway, and negative 

regulation of apoptotic process. These terms exhibited low false discovery rate 

(FDR)-adjusted P-values, indicating strong statistical enrichment among the identified 

DEGs. 

For the Cellular Component (CC) category, the enriched terms primarily included the 

plasma membrane, cell-cell junction, integral component of plasma membrane, 

extracellular space, and cytoplasm, suggesting that many of the encoded proteins are 

localized to membrane-associated and extracellular regions. 

In the Molecular Function (MF) category, significant enrichment was observed for 

protein serine/threonine kinase activity, cytokine activity, receptor activity, protein 

kinase binding, and protein binding, indicating that the identified genes are 

predominantly involved in signal transduction, receptor-mediated communication, 

and protein–protein interactions. 

KEGG pathway enrichment analysis identified several significantly enriched 

pathways, including Pathways in cancer, Cytokine–cytokine receptor interaction, 

PI3K–Akt signaling pathway, MAPK signaling pathway, Focal adhesion, TNF 

signaling pathway, Apoptosis, and AGE–RAGE signaling pathway in diabetic 

complications. Among these, Pathways in cancer exhibited the highest gene count and 

strongest statistical significance, followed by the PI3K–Akt and MAPK signaling 

pathways. 

The bubble plot further illustrates the KEGG enrichment results, where bubble size 

corresponds to the number of enriched genes, bubble color represents the FDR-

adjusted P-value, and the x-axis indicates the gene ratio. Larger red bubbles denote 

pathways containing a greater proportion of DEGs with stronger statistical 

significance. 

Overall, the GO and KEGG enrichment analyses demonstrated that the identified 

DEGs were predominantly associated with cellular signaling, immune regulation, 

proliferation, apoptosis, and cancer-related biological pathways, providing a 

functional framework for understanding the molecular mechanisms represented by the 

enriched gene set. 
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Receiver Operating Characteristic (ROC) Curve Analysis of Hub Genes 

Receiver Operating Characteristic (ROC) curve analysis was performed to evaluate 

the diagnostic performance of the identified hub genes in distinguishing disease 

samples from control samples. The ROC curves and corresponding performance 

metrics are presented in Figure 4.14. 

Among the evaluated genes, EGFR demonstrated the highest diagnostic accuracy, 

with an AUC of 0.912 (95% CI: 0.869–0.955), a sensitivity of 86.7%, and a 

specificity of 85.0%, indicating excellent discriminatory performance. STAT3 

exhibited the second-highest diagnostic performance with an AUC of 0.886 (95% CI: 

0.835–0.937), followed by PIK3CA with an AUC of 0.858 (95% CI: 0.804–0.913). 

Both genes demonstrated good diagnostic accuracy based on their AUC values. 

The summary analysis of the top 10 hub genes showed that MYC (AUC = 0.834) and 

VEGFA (AUC = 0.812) also exhibited good discriminatory ability, whereas TP53 

(AUC = 0.791), PTEN (AUC = 0.774), AKT1 (AUC = 0.741), and MMP9 (AUC = 

0.710) demonstrated fair diagnostic performance. IL6 showed the lowest AUC 

(0.683), indicating comparatively lower predictive ability. 

The optimal cut-off values for each gene were determined using the Youden Index to 

achieve the best balance between sensitivity and specificity. Overall, the ROC 

analysis demonstrated that several hub genes, particularly EGFR, STAT3, and 

PIK3CA, possessed strong diagnostic potential for differentiating disease samples 

from controls and may serve as promising candidate biomarkers for further validation. 
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CHAPTER 5 

DISCUSSION 

High throughput sequencing and computational biology have greatly transformed the 

field of cancer research by allowing the gene expression profile of the entire genome 

to be analyzed. Molecular studies generally involve a small set of genes, whereas 

transcriptomic studies give a systems-level perspective of the molecular changes that 

occur during the initiation, progression and metastasis of tumors. Differential gene 

expression analysis is one of the most commonly used bioinformatics methods to 

discover genes, molecular signatures and potential therapeutic targets associated with 

breast cancer. Combining DE analysis with network biology adds another layer of 

enrichment for the identification of biologically significant genes by prioritizing genes 

that have a central position in cellular regulatory networks. In the present study, an 

integrative computational workflow was used to identify DEGs, visualize their 

expression pattern, build up protein-protein interaction networks, select hub genes and 

study their functional significance by enrichment analysis and diagnostic validation 

[22]. 

As mentioned in the introduction the volcano plot, presented in figure 4.2, was used to 

visualize general differential gene expression between the breast cancer and normal 

control samples. The volcano plot allowed the detection of genes with statistically 

significant and biologically relevant changes in expression in a single step. Of the 

19,845 genes analyzed, 756 genes were significantly up-regulated and 706 genes were 

significantly down-regulated among all the genes, whereas the rest did not meet the 

threshold value of adjusted P value < 0.05 and |log₂FC| ≥ 1. A large proportion of 

highly dysregulated genes is indicative of the high degree of transcriptional 

reprogramming involved in the development of breast cancer [23]. Previous 

transcriptomic studies have shown that the malignant transformation is marked by 

extensive changes in the expression of many genes involved in cell proliferation, 

apoptosis, metabolism, angiogenesis, immune regulation and signal transduction. 

A significant feature of the volcano plot was the extreme over-expression of EGFR, 

VEGFA, MMP9, STAT3 and CXCL8, which were all located in the upper right-hand 
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corner of the plot. They showed high fold changes and they were statistically 

significant, suggesting a strong upregulation in the breast cancer samples. In contrast, 

the tumor suppressor genes, such as BRCA1, CDH1, PTEN, APC and RB1, were 

significantly downregulated and grouped together in the upper left quadrant of the 

volcano plot. This mutually reciprocal expression pattern is in accord with the basic 

molecular features of breast cancer, in which oncogenes are turned on while tumor 

suppressor pathways are increasingly silenced [24]. 

One of the most prominent candidates among the genes that were upregulated was 

EGFR (Epidermal Growth Factor Receptor). EGFR is a transmembrane receptor 

tyrosine kinase, which is part of the ErbB receptor family, and is a key mediator of 

cell proliferation, survival, differentiation, migration, and angiogenesis. The aberrant 

activation of the EGFR has been well established in many of the major human cancers 

including breast cancer. EGFR is reported to be overexpressed in triple-negative 

breast cancer (TNBC) and is implicated in the aggressive behaviour of these tumors, 

poor prognosis, higher metastatic rate and chemoresistance. When EGFR is activated, 

it activates a number of downstream signaling pathways such as the PI3K/AKT and 

MAPK pathways, which lead to abnormal cellular proliferation and the suppression of 

apoptosis [25].  

Likewise, VEGFA (Vascular Endothelial Growth Factor A) was highly over-

expressed in breast cancer samples. VEGFA is the main controller of angiogenesis, 

and it encourages endothelial cells to proliferate and develop new blood vessels which 

are essential for continued growth of a tumour. VEGFA overexpression in invasive 

breast carcinoma has been consistently reported in previous studies and linked to poor 

prognosis, lymph node metastasis status and decreased overall survival. Angiogenesis 

not only helps tumor growth by providing oxygen and nutrients, but also provides 

pathways for spread [26]. 

The breast cancer cells further exhibit an invasive phenotype with the overexpression 

of MMP9 (Matrix metalloproteinase-9). The matrix metalloproteinases are zinc-

dependent proteases which break down components of the extracellular matrix. High 

MMP9 expression expression helps to breach basement membranes, promotes ECM 

remodelling and aids in the spreading of metastases. Several clinical studies have 

been published that showed a correlation between expression of MMP9 with the 

advanced stage of the tumor, the presence of lymph node involvement, the existence 

of distant metastases, and poor patient survival. Therefore, the higher expression of 

MMP9 found in the present study further highlights the role of ECM remodeling in 

breast cancer progression [27]. 

Similarly, CXCL8 (IL-8) was found to be highly upregulated. CXCL8 is a pro-

inflammatory chemokine which is able to recruit neutrophils in the blood and induces 

angiogenesis when binding to CXCR1 and CXCR2. Emerging evidence suggests that 

CXCL8 can promote breast cancer progression by boosting tumor cell proliferation, 

migration, stemness, angiogenesis and chemo resistance [28]. 

Likewise, significantly decreased expression was seen for PTEN. PTEN is a lipid 

phosphatase that inhibits the PI3K/AKT signalling pathway by dephosphorylating 

phosphatidylinositol (3,4,5)-trisphosphate (PIP3) to generate phosphatidylinositol 

(4,5)-bisphosphate (PIP2). Decreased PTEN levels can lead to the deregulation of 

AKT signaling, which contributes to greater cell proliferation, anti-apoptosis, glucose 

metabolism and therapeutic resistance. Many breast cancer research studies have 

shown that loss of PTEN is an independent poor prognosis factor and has also been 

associated with lack of response to targeted therapies. Thus, the downregulation of 

PTEN observed is a strong indication of the activation of the PI3K/AKT pathway in 

breast cancer [29]. 

This observation was further confirmed by the heatmap in Figure 4.4 which showed 

the expression pattern of the top 30 differentially expressed genes in all samples. 

Heatmap is a popular tool used in transcriptomic analysis because they are easy to 
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visualize the gene expression profile and at the same time show the relationship 

between the samples by hierarchical clustering. In this current study, the heatmap 

showed a high separation between breast cancer and normal control samples, thus 

demonstrating that the DEGs selected in the study have high discriminatory power 

[29]. 

The upper cluster of genes (EGFR, VEGFA, MMP9, STAT3, MYC, CCND1, BCL2, 

CDK4, FGFR2, MET, IL6, PIK3CA, and NFKB1) had consistently higher expression 

in disease than control samples. In contrast, the genes were very lowly expressed in 

breast cancer tissues, such as TP53, PTEN, FOXO3, RB1, SMAD4, CDH1, APC, 

BRCA1, ATM, CHEK2, MLH1, BAX, and GSK3B. There is a sharp difference 

between the expression levels of the two groups, which suggests that the set of genes 

identified is reproducible and could be used for molecular classification or biomarker 

identification [30]. 

The architecture of the current network showed a typical scale-free architecture with a 

few proteins highly connected and numerous proteins having fewer connections. 

Biological systems use this organizational pattern, as is also observed in essential 

regulatory proteins that are evolutionarily conserved. Hub proteins are typically in the 

middle of these networks and often control multiple signaling pathways. Thus, 

mutations in hub genes are likely to have more profound effects on the cellular 

homeostasis of the cell than mutations in peripheral proteins. A great number of 

computational studies have shown that hub genes revealed by network analysis often 

coincide with experimentally validated biomarkers or therapeutic targets, highlighting 

the biological significance of network topology in cancer research [31]. 

Of all identified proteins, EGFR was found to be the most highly connected hub gene 

with the highest degree centrality (42) and the highest Maximal Clique Centrality 

(MCC) score (0.851). The results show that EGFR is in the central hub of the 

interaction network. EGFR is a member of the ErbB receptor tyrosine kinase family 

that is involved in a variety of downstream signaling pathways that help to control cell 

migration, proliferation, differentiation and cell survival. EGFR activation results in 

the activation of a number of oncogenic pathways, such as PI3K/AKT, MAPK/ERK, 

JAK/STAT and PLCγ, which all play a role in malignant transformation. 

EGFR is the highest-ranked hub gene identified, which is very consistent with 

previous computational and experimental studies. Over the years, network analysis 

studies based on publicly available transcriptomic data have consistently identified 

EGFR as one of the most important genes in breast cancer, especially in triple-

negative breast cancer (TNBC) where the overexpression of EGFR is linked to 

aggressive clinical features, high metastatic potential, and poor patient survival. 

Clinical studies have also shown that there is a positive association between higher 

EGFR expression levels and tumor grade, tumor size, lymph node involvement, and 

disease-free survival. Whilst the efficacy of anti-EGFR therapies in breast cancer 

varies from lung cancer, the importance of the gene in other oncogenic signaling 

pathways makes it an attractive target for therapy. Based on the current results, EGFR 

is thus one of the key factors involved in breast cancer development as previously 

reported [33]. 

The role of PIK3CA in breast cancer has also been reinforced by the successful 

development of PI3K inhibitors such as alleles which has been shown to provide 

clinical benefit in the treatment of advanced breast cancer where patients have a 

PIK3CA mutation. In the current study, the identification of PIK3CA as a highly 

connected hub gene in the analyzed dataset agrees with previous observations based 

on transcriptomics and underscores its clinical relevance as a prognostic biomarker 

and therapeutic target [34]. 

In the present analysis, MYC was also found to be one of the main hub genes. The 

MYC oncogenic transcription factor is known to govern the expression of genes that 

coordinate ribosome biogenesis, nucleotide biosynthesis, glucose metabolism, 
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mitochondrial function, and cell-cycle progression [35]. MYC amplification is found 

in about 15–20% of primary breast tumors and is always linked to poor prognosis and 

high aggressiveness. Using network analysis, it has been shown that MYC regulates 

the expression of many transcription factors and signalling molecules and is able to 

regulate large-scale transcriptional rewiring in an oncogenic context. This is salient to 

note, because the high connectivity of MYC observed in the current study is 

consistent with its known function as a global regulator of tumor biology [36]. 

Interestingly, TP53 was also one of the most highly scored hub genes, even though it 

was downregulated. TP53 is well known for its role in controlling DNA repair, 

apoptosis, senescence, and cell-cycle arrest, and thus is recognized as the "guardian of 

the genome [37]. TP53 dysfunction occurs in one of the most frequent molecular 

changes in breast cancer and plays a role in genomic instability, to therapeutic 

resistance and to the progression of the disease. Although the expression level of 

TP53 was decreased, it was identified as a network hub, which highlights an aspect of 

systems biology: network importance is not just a matter of how much the gene is 

expressed, but also of the number of biological processes to which it is linked. 

Although it is suppressed, TP53 still holds a pivotal role because of various 

downstream pathways that it controls, which are important for cellular homeostasis 

[38]. 

 

Conclusion 
In summary, the results of this study add to the increasing body of evidence 

suggesting that breast cancer develops through the concerted action of interrelated 

molecular networks regulating cell proliferation, apoptosis, immune regulation, 

angiogenesis, inflammation, and signal transduction. An integrated analysis of 

differential expression profiling, PPI network construction, hub gene determination, 

functional enrichment, and ROC validation represents a systematic systems biology 

approach to discover meaningful biomarkers. The overlap of computational 

predictions and existing knowledge increases confidence in the predicted hub genes 

and pathways. 
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