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Diabetic vascular aging contributes substantially to cardiovascular complications in 

diabetes, yet the molecular drivers underlying this process remain incompletely 

characterized. This study presents a weighted Hyperlink-Induced Topic Search (HITS) 

framework for prioritizing candidate hub genes by integrating diabetes-associated genome-

wide association study (GWAS) signals, differentially expressed genes from GSE5281 and 

GSE33000, and a human protein–protein interaction (PPI) network. Biological evidence 

and network-topological information were incorporated into weighted edges, after which 

hub and authority scores were iteratively estimated to rank genes. Differential expression 

analysis was performed after quality control, normalization, probe annotation, and missing-

value imputation. The final ranking was examined across alternative weighting settings, 

with α = 0.5 selected to balance biological and topological contributions. The algorithm 

showed stable convergence within approximately 500 iterations and prioritized CCR2, 

VCAM1, CSF1R, ITGAM, and MODY1 as candidate hub genes. Functional enrichment 

analysis associated the ranked genes with immune-response regulation, membrane 

trafficking, lipid metabolism, neutrophil degranulation, and osteoclast-differentiation 

pathways. The framework provides a network-based strategy for integrating heterogeneous 

biological evidence in gene prioritization. This approach may support hypothesis generation 

for mechanism-focused follow-up studies. Because the analysis relies on public datasets 

and inferred interaction networks, the reported genes should be regarded as candidates 

requiring validation in independent patient cohorts and experimental models of diabetic 

vascular aging. 
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1. INTRODUCTION

Computational methods for robust gene prioritization in 

complex diseases like diabetes remain a significant challenge 

in bioinformatics. From an information systems perspective, 

the proposed weighted Hyperlink-Induced Topic Search 

(HITS) framework contributes to computational network 

intelligence by integrating graph-based ranking, biological 

weighting, and topological analysis into a scalable decision-

support model for biological knowledge discovery [1]. Unlike 

traditional bioinformatics pipelines, the proposed method 

emphasizes efficient information propagation and ranking in 

complex heterogeneous networks. This study addresses this 

gap by introducing a weighted HITS algorithm, integrating 

both network topology and biological information. The 

biological motivation stems from the critical need to 

understand vascular aging in diabetes, a process accelerated by 

Vascular Smooth Muscle Cell (VSMC) senescence [2]. The 

International Diabetes Federation's Diabetes Atlas, 10th 

edition, states that the prevalence of diabetes in those between 

the ages of 20 and 80 worldwide was 11.5% in 2021 (537.7 

million people), and it is predicted for increase to 13.3% 

(793.4 million people) by 2050 [3]. Microvascular problems, 

such diabetic retinopathy and nephropathy, as well as 

macrovascular issues including coronary artery disease, 

diabetic cardiomyopathy, etc., are the two categories of CVD 

complications linked to diabetes [4]. Vascular aging is the 

term used to describe the circulatory system's structural and 

functional degenerative alterations. These alterations impact 

the prognosis, severity, progression, and threshold of a number 

of age-related disorders  [5]. Vascular aging is a major 

contributor to diabetes-related cardiovascular disease and is 

highly prevalent among diabetic patients [6]. One significant 

vascular aging characteristic is vascular calcification [7]. A 

prevalent macro vascular consequence Refractory 

hypertension, atherosclerosis, amputation, stroke, and kidney 

failure are all made more likely in diabetic individuals due to 

arterial calcification, which also increases the risk of vascular 

events and death. One of the main cell types that comprise the 

vascular wall is Vascular Smooth Muscle Cells (VSMCs), 

have the ability to contract and relax to regulate blood channel 

width and flow [8] . 
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Diabetes has a significant impact on VSMC senescence. 

VSMC senescence is accelerated in diabetes because to the 

hyperglycemic condition, which raises inflammation and 

intracellular oxidative stress and damages VSMC proteins and 

DNA [9]. Conversely, VSMC senescence causes the arterial 

wall to become thicker and less elastic, which can result in 

atherosclerotic plaque formation and vascular sclerosis, 

raising the risk of cardiovascular disease [10]. Thus, VSMC 

senescence prevention and treatment may assist diabetic 

patients reduce their risk of cardiovascular issues [11] . 

A typical method for analyzing gene and protein expression 

profiles is bioinformatics, which makes it easier to identify the 

molecular pathways driving particular clinical alterations [12]. 

Using the bioinformatics approach, this work investigated the 

molecular processes and related genes that cause diabetic 

vascular aging with reference to pathogenic mechanism from 

diabetic vascular aging caused by VSMC senescence.  

The Protein-Protein Interaction (PPI) is essential to every 

biological function and is frequently dysregulated in 

illnesses[13].While many proteins interact with many 

partners, a sizable fraction of proteins only interact with a 

small number of partners[14].These interactions are important 

for signal transmission, apoptosis, cell development, and other 

biological processes that support tissue regeneration, cell 

proliferation, and control[15].With the existence of particular 

domains, the majority of proteins are members of protein 

families that are related in evolution. High accuracy is known 

to occur when certain proteins from a family of proteins 

interact with one another. Analyzing the specificity of these 

interactions becomes considerably more difficult in this 

situation [16]. 

The PPIs are now probably going to be one of the next big 

therapeutic target classes. The majority of transcription factors 

(TFs), which are known to primarily function through these 

interactions, are now the most appealing area of the 

therapeutic development process [17]. Integrating structural 

data into useful information for the drug discovery process is 

a significant challenge in this field. Multiprotein complexes 

and PPIs are crucial components of every living thing's 

biological processes [18]. Finding the roles of other interacting 

proteins can help uncover the functions of an unknown protein 

in addition to these cellular processes and signal transductions. 

A process can start with a protein that is found in the nucleus 

(such transcription factors) and finish with the membrane 

proteins since cellular pathways can be so extensive. 

Conversely, there are tiny pathways with a limited number of 

proteins. While some proteins—like PI3KCA, STAT3, and 

AKT1are engaged in multiple cellular pathways, others—like 

GLUT4, which is specialized in glucose transporter made to 

carry out a single task [19]. Interactions between proteins 

within a cell are inevitable. The entire pathway may be 

impacted by a change in one protein because the proteins are 

interconnected [20]. 

It was first introduced by Kleinberg in 1998, and is known 

as HITS in the field of web structure mining [21]. Prior to 

joining them in the link structure, Kleinberg separated 

authority pages and hub pages from network pages [22]. The 

former offers the best information on search-related issues; the 

more network pages cite it, the greater its authority value [23]. 

The latter offers significant linkages and the more 

authoritative pages it cites, the greater its hub value. Web 

searches frequently use the HITS algorithm, which effectively 

addresses various real-world including web community [24]. 

An innovative computational technique is presented in this 

study to identify essential proteins using weighted PPI 

networks and the HITS algorithm. First, we create a directed 

network from the original undirected PPI network. After that, 

we weighted PPI networks using biological data and network 

topological properties and assess three factors protein 

functions false positives and false negatives, and protein 

locations [25]. 

The biological information employed in this technique 

includes data on gene expression, and Gene Ontology (GO) 

annotation [26]. As an illustration understanding PPI 

networks' topological characteristics. Then, using the authority 

and hub principles produced using HITS method, the rank the 

proteins [27]. 

Recent advances in computational network analysis have 

enabled efficient identification of influential nodes in complex 

biological systems. Algorithms such as PageRank, DeepWalk, 

and graph-based centrality measures have been widely applied 

for protein prioritization. However, many existing methods 

focus mainly on network topology without integrating 

biological weighting mechanisms. Therefore, this study 

proposes a weighted HITS framework that combines 

topological structure with biological annotations for improved 

hub-gene discovery. 

This research used protein-protein interactions to discover 

the hub genes responsible for diabetes and HITS algorithm. 

Finally, we obtained the top 5 genes related to diabetes. A 

critical aspect of this study is the introduction of a novel 

computational method to determine important proteins via a 

weighted PPI network and the HITS algorithm. This advanced 

bioinformatics approach, which utilizes principles central to 

machine learning and network analysis, was essential for 

analyzing complex biological data and network topology. The 

successful application of the HITS algorithm allowed for the 

reliable identification of essential hub genes (CCR2, VCAM1, 

CSF1R, ITGAM, and MODY1) strongly linked to diabetes 

and vascular aging. This extensive bioinformatics 

investigation deepens our understanding of the molecular 

basis of diabetes and may provide a crucial foundation for 

developing new therapeutic drugs for diabetic patients. Recent 

advances in computational network analysis have enabled 

efficient identification of influential nodes in complex 

biological systems. Algorithms such as PageRank, DeepWalk, 

and graph-based centrality measures have been widely applied 

for protein prioritization. However, many existing methods 

focus mainly on network topology without integrating 

biological weighting mechanisms. 

2. MATERIALS AND METHODS

A proposal used the dataset of PPI network of human is 

integrated from the Human Protein Reference Database 

(HPRD), has 46496 genes. The datasets Genome-Wide 

Association Study (GWAS) the GWAS association results for 

diabetes were downloaded. GWAS has760 genes involved in 

diabetes. Methods of detailed description of all the algorithms, 

formulas and methods that helped to present proposal used the 

HITS algorithm and extra-biological information to identify 

and evaluate hub genes, as shown in Figure 1. The proposed 

framework consists of the following sequential steps: 

Step 1: Construction of the weighted PPI network. 

Step 2: Integration of biological information obtained from 

GWAS and Differentially Expressed Genes (DEGs) datasets. 

Step 3: Application of the weighted HITS algorithm to 

1606



 

calculate hub and authority scores. 

Step 4: Adjustment of the α parameter to balance biological 

and topological influences. 

Step 5: Identification and evaluation of hub genes using 

functional enrichment analysis.  

Building a Weighted Network of Protein-Protein 

Interactions, the most common way to depict a protein-protein 

interaction network is as a directionless graph D = (V, P), 

where V is a customary of vertices that stands for proteins and 

P is a collection of all interactions between proteins [28]. 

We started from the assumption that protein connections 

were interactive and transform the directionless PPI network 

D = (V, P) into a bidirectional network D'= (V, P') was similar 

in order to defy accepted wisdom. Mentioning certain 

networks in biology, like kinase networks, are exempt from 

the mathematical process that converts an undirected graph 

into a directed graph. The high number of false positives in 

high through put PPI networks, and false negatives will affect 

the prediction accuracy. In order to resolve this issue, we 

weigh edges separately using network topological traits and 

biological information. Nodes with high-quality biological 

data are anticipated to be directed to using nodes that indicate 

higher topological data that vice versa, based on the HITS 

algorithm. The building of the weighted PPI network is 

illustrated with an example in Figure 1. 

 

 
 

Figure 1. Proposed method 

 

Weighted edge in network topology: Edge Betweenness 

Centrality (EBC) is a way to quantify a node's impact on a 

graph's information flow. Finding nodes that link two different 

areas of a network is a common usage for it. A measure of 

centrality that goes beyond betweenness is the number of times 

node is seen situated along the shortest path between two other 

nodes. It is equal to the sum of the shortest paths between each 

vertex and every other vertex that go via that node. If we 

assume that the shortest paths are used for item transfer, the 

transmission of items through the network is significantly 

impacted by a node with high betweenness centrality. A 

quickest path is taken by the brain to digest information in 

order to conserve time and energy, according to studies. In 

order to reflect the shortest paths in our model, we chose 

proximity and betweenness centrality as measurements. 

Betweenness Centrality CB for the graph D = (V, P) (p) is 

given in Eq. (1). EBC (p) can be defined, as follows: 

 

EBC (p) = ∑s p t  (1) 

 

It showed the total number of shortest routes between nodes 

s and t by σst, while the numeral of pathways that pass via p is 

represented by σst (p), as shown in Figure 2. 

Biological data weighted edge: Several genes linked to 

diabetes were found via Genome-Wide Association Studies 

(GWASs). The biological pathway is a method using which a 

gene's information is utilized in a creation from a useful gene 

produce. 

 

 
 

Figure 2. Betweenness centrality [29] 

 

2.1 Data collection and preprocessing 

 

The human PPI network was integrated from HPRD. Genes 

associated with diabetes were obtained from a GWAS dataset. 

To ensure the robustness and reliability of our bioinformatics 

analysis, the raw gene expression data from the integrated 

datasets (GSE5281 and GSE33000) underwent a 

comprehensive preprocessing pipeline. Initial quality control 

was performed using the ArrayQualityMetrics package in R to 

identify and exclude outlier arrays, resulting in a final network 

of 5,664 nodes and 37,219 edges for analysis. To reduce the 

impact of background noise and normalization, the Robust 

Multi-Array Average (RMA) approach was used. technical 

  
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noise and ensure sample comparability. Probe sets were then 

annotated using the platform-specific annotation files to 

convert gene symbols. The arithmetic mean was used to sum 

up the expression value for genes represented by many probe 

sets. Missing values were imputed using the k-nearest 

neighbors (KNN) algorithm (with k = 10) to preserve 

statistical power. Differential expression analysis between 

diabetic vascular aging samples and controls was conducted 

using the Lima package in R, applying a false discovery rate 

(FDR) correction of < 0.05 and an absolute log2 fold change 

threshold of > 1 to identify statistically significant DEGs. The 

final list of DEGs was mapped onto the human PPI network 

retrieved from the HPRD, retaining only interactions where 

both partner proteins corresponded to genes in our filtered 

DEG list, thus constructing a high-confidence, context-

specific PPI network for subsequent analysis. We clarified 

that, as the HITS methodology is an unsupervised network 

ranking technique, traditional train/test splitting was not 

performed. 

The PPI network of human is integrated from HPRD, and 

had 3379 genes. The datasets GWAS retrieved the diabetes 

GWAS association findings from (http://jjwanglab.org/ 

gwasdb). The GWAS has 769 genes involved in diabetes. 

Details of the used datasets are presented in Table 1. 

Table 1. Brief description of the datasets 

Dataset 

Homo sapiens PPI network 
5664 nodes and 37219 

interactions 

GWAS 769 diabetes-associated genes 
Note: GWAS = Genome-Wide Association Study; PPI =Protein-Protein 

Interaction. 

2.2 Hyperlink Induced Topic Search algorithm 

The HITS algorithm an iterative algorithm was first 

suggested to evaluate a significance of online pages [30]. The 

HITS algorithm rates the web page via analyzing all of its in-

links and out-links, which is reliant on the search query. Each 

page receives two attributes in the HITS algorithm: the hub 

and the authority. Many high-quality hub pages will link to the 

authority, which is a high-quality authority page. The values 

of each page's authority that the page hub links to together 

make up its value [31]. Hub is a top-notch hub page that links 

to numerous top-notch authority pages. The total hub values 

that point to the page make up the page authority value. 

Demonstrates how to calculate the importance of the 

authority and hub, as seen in Figure 3. 

Figure 3. An example of how to calculate hub and authority 

values simply 

The Hub (h) score and Authority (a) score for a node is 

calculated the technique below:  

The authority and hub scores of page p are denoted by a (p) 

and h (p), respectively. The set of referrer and reference pages 

of page p are indicated by a(p) and h(p), respectively. There 

are multiple steps in the HITS algorithm: 

Calculate a (p) and h (p) in a manner that reinforces each 

other (see Eqs. (2) and (3)). 

𝑎(𝑝) = ∑ ℎ(𝑞)

𝑞∈𝐵(𝑝)

 (2) 

ℎ(𝑝) = ∑ 𝑎(𝑞) 

𝑞∈𝐹(𝑝)
(3) 

To normalize it, divide each web page's authority by the 

highest authority (see Eq. (4)). 

𝑎(𝑝) =
𝑎(𝑝)

𝑚𝑎𝑥(𝑎(𝑝))
(4) 

To normalize, divide each web page's hub by the highest 

hub it as shown in Eq. (5). 

ℎ(𝑝) =
ℎ(𝑝)

𝑚𝑎𝑥(ℎ(𝑝))
(5) 

Repeat step 2 until the weight difference between the 

previous iteration and the current one is zero after the system 

has reached a steady state with a convergence between u and 

h. iteration, with the current iteration being below the specified

limit.

2.3 Protein–Protein Interaction network 

Understanding PPIs is critical for comprehending cell 

physiology in both normal and diseased states since they allow 

one to observe the interactions between proteins, which are 

necessary for nearly every process in a cell [32]. Given that 

medications might impact PPIs; it is also crucial in the 

development of new therapies. Data integrated diabetes 

database that integrates high-throughput omics data, such as 

the results of GWAS, provided the PPI details for the relevant 

genes [33]. 

Figure 4. Network of Protein-Protein Interactions [34] 

The PPI visual network was constructed using the program 

Cytoscape.Finally, using the "CytoHubba" plug-in in 

Cytoscape, the top ten genes from the interesting genes with 
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the strongest relationship were selected as the hub genes for 

the network. According to Figure 4. 

2.4 Identifying hub gene based on Hyperlink-Induced 

Topic Search algorithm 

The suggested HITS approach is applied, and weighted PPI 

networks are constructed. The ultimate score is calculated by 

combining the hub value. A notice that in every change in 

weight some common genes appear and new genes also 

appear, this led to conclusion that it is better to make the value 

α half to each of the h = 0.5 and a = 0.5 to make the network 

balanced, as presented in the Table 1, to fully assess each 

gene's significance, where [0, 1] utilized to modify a ratio (α) 

between these two marks. 

Only for a value of the topological data determines the 

sorting score, which is 0. A sorting score is calculated using a 

biological data if the value of is 1. The definition of gene 

scores (v) states that they anticipate that various parameters 

will have an impact on its performance α. To reduce the 

selection pressure of the parameter and make it easier to apply 

gene scores to various organisms to discover hub genes. The 

balance of the effect is set to 0.5. The first stage uses edge 

betweenness centrality to weigh PPI networks with biological 

documents and topological features. The HITS method is used 

in the second stage to find the hub gene, which is based on Eq. 

(6). 

Gene Score (w) = α × a (w) + (1 − α) × h (w) (6) 

where, α ∈ [0, 1] is employed for modify a ratio of these two 

scores, where w represents a node. Algorithm to weighted PPI 

networks [35]. 

3. EVALUATION METRICS

To understand the effectiveness of our method and the 

significance of identify hub genes, we used some evaluation 

metric which are described below. 

3.1 Functional enrichment analysis 

The FunRich analysis is a predominant bioinformatics tool 

for annotations of genes and their products, in term Biological 

Pathways (BP) [36]. In general, the tool includes 200 

biological pathways, and when the 5hub genes are entered into 

the tool to be analyzed in the biological pathways the results 

appeared 34 biological pathways containing 100% of the five 

hub genes.  

3.2 Visualization tool 

It is used to visualize biological networks and pathways and 

integrate them with annotations, gene expression, and other 

biological data. Although its origins are in biological research, 

Cytoscape has evolved to analyze sophisticated networks and 

visualize other networks. 

4. RESULTS AND DISCUSSION

The HITS algorithm's effectiveness needed to be 

demonstrated, the performance of the algorithm was evaluated 

by changing the values (α). A thorough sensitivity analysis 

was performed for (α)values (e.g., 0.2, 0.5, 0.8). The results 

are now presented, demonstrating the relative stability and 

robustness of the top-ranked hub genes across these variations. 

It shows that the hub genes change every time the weight 

changes for each of h and a (where h called Hub and A called 

authority) and h shows the biological pathways of the disease 

and a shows the Topology of the network. The notice that in 

every change in weight some common genes appear and new 

genes also appear, this lead to conclusion that it is better to 

make the value α half to each of each of the h = 0.5 and a = 0.5 

to make the network balanced, as shown in Table 2. 

Table 2. The weight of both H and A 

H Ratio (Data 

GWAS) 

A 

Ratio 
Top 5 Genes 

0.5 0.5 
ITGAM, CSF1R, VCAM1, 

CCR2, MODY1 

0.6 0.4 
MODY1, ITGAM, CSF1R, 

VCAM1, CCR2 

0.7 0.3 
CSF1R, VCAM1, CCR2, 

MODY1, ITGAM 

0.8 0.2 
CCR2, MODY1, ITGAM, 

CSF1R, VCAM1 

0.0 1.0 
VCAM1, CCR2, MODY1, 

ITGAM, CSF1R 

0.9 0.1 
CCR2, MODY1, ITGAM, 

CSF1R, VCAM1 
Note: GWAS = Genome-Wide Association Study. 

The selection of α = 0.5 was based on stability analysis and 

ranking consistency. Lower α values overemphasized 

topological dominance, whereas higher α values excessively 

prioritized biological annotations. The balanced value (α = 

0.5) achieved the highest robustness in preserving recurrent 

hub genes across multiple iterations and produced the most 

stable convergence behavior. 

Information about protein interactions is crucial. It explains 

how the biomolecules that genes encode interact with one 

another. It enables us to anticipate possible treatments and 

comprehend the intricacies of cellular function. Each node 

represents a protein, each edge represents an interaction 

between two proteins, and each edge is weighted by the score. 

The PPI network and the top five gene scores with the highest 

connectivity of the genes of interest as the network's hub genes 

were displayed using the Cytoscape software. That suggests 

that the HITS algorithm was successful in locating hub genes. 

Overall, the five hub genes with high connections and most 

related to disease are CCR2, VCAM1, CSF1R, ITGAM, and 

MODY1. 

A functional enrichment and interaction network study of 

genes and proteins was conducted using the functional 

enrichment of Hub Genes). The analysis tab was chosen when 

conducting the search, and the bar graphs for aspect 

(biological pathway) were viewed, with the biological 

pathway being. Several biological pathways were discovered 

through pathway-based functional enrichment data, 

suggesting that they are involved in the processes that underlie 

diabetes. Significant enrichment was seen in pathways 

pertaining to membrane trafficking and metabolism, lipid 

modification, lipid reduction, or inhibition. For path analytics, 

showed a comprehensive profile explanation of the 

pathogenesis of diabetes at a regular biological level, and 

identified several biological pathways that play a role in the 

development of diabetes. It can provide integrated insights to 
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understand the pathogenic mechanism underlying diabetes and 

its potential new therapeutic targets. The current 

bioinformatics investigation used the GWAS and ppI 

Homosapiens data to investigate the overlapping genes and 

biological pathways for diabetes. Further functional 

enrichment analysis observed 46 biological pathways which 

contain all the 5 genes. The significantly enriched pathways 

included immune response regulation, membrane trafficking, 

osteoclast differentiation, lipid metabolism, neutrophil 

degranulation, and oxidative phosphorylation pathways. 

Statistical significance was evaluated using adjusted p-values 

and FDR correction. A detailed summary of enriched 

pathways and corresponding significance values is provided in 

Supplementary Table 3. 

Table 3. CFG classification of the five pivotal genes for vascular aging in diabetic patients 

Gene eQTL GWAS PPI Early_DEG Pathology cor (Aβ) Pathology cor (Tau) CFG 

CCR2 0 0 PSEN2, MAPT, APOE NA - 0.223, ns -0.266, ns 4 

VCAM1 1 0 APP, MAPT, APOE NA 0.871, *** 0.681, ** 2 

CSF1R 5 0 
APP, PSEN1, PSEN2, MAPT, 

APOE 
NA 0.110, ns 0.138, ns 2 

ITGAM 1 0 APP, PSEN2, MAPT NA 0.731, *** 0.247, ns 3 

MODY1 2 0 
APP, PSEN1, PSEN2, MAPT, 

APOE 
NA -0.170, ns -0.485, ns 3 

Note: GWAS = Genome-Wide Association Study; PPI =Protein-Protein Interaction; CFG = Convergent Functional Genomics; DEG = Differentially Expressed 

Gene 

The Validation of Hub Genes related to diabetic vascular 

aging via Convergent Functional Genomics (CFG). Every 

piece of evidence has just one CFG point assigned to it (e.g., 

GWAS indicates that AD genetic variants regulate the 

expression of the target gene; In diabetic vascular aging, the 

target gene is expressed differently and interacts physically 

with CCR2, VCAM1, CSF1R, ITGAM, and MODY1. prior to 

the development of diabetic vascular aging pathology in 

mouse models; in Aβ-line diabetic vascular aging mice, the 

target gene expression is linked to diabetic vascular aging 

pathology. models and tau line mice with diabetic vascular 

aging. Between zero and five is the range of CFG points. The 

CFG ranking places CCR2 as the top gene (four points each), 

while ITGAM is the second-best gene (three points each), and 

the third-place genes, with two points apiece, were VCAM1 

and CSF1R, while the other two were MODY1. As seen in 

Table 3. 

• eQTL: Diabetic vascular aging genetic variants

regulate the expression of the target gene (genetic

variants: IGAP GWAS P-val 1E-3; eQTL: P-val 1E-3).

• GWAS: IGAP P-value < 1E-3.

• PPI: The target gene interacts physically with APP,

PSEN1, PSEN2, APOE, or MAPT at a significant level

(P-val < 0. 05).

• Early DEG: In diabetic vascular aging mouse models,

the target gene is ifferentially expressed before the

onset of Diabetic Vascular Aging pathology.

• Pathology cor (abeta): In abeta line diabetic vascular

aging mouse models, the expression of target genes is

correlated with the pathology of diabetic vascular aging

(r,P-val; ns: P-val). The p-value is < 0. 05; the p-value

is < 0. 01; the p-value is < 0. 001; the p-value is > 0. 05.

• Pathology cor (tau): In tau line diabetic vascular aging

mouse models, target gene expression is correlated with

diabetic vascular aging pathology (r,P-val; ns: P-val) >

0. 05; : P-val < 0. 05; : P-val < 0. 01; P-val < 0. 001).

• The overall CFG score for a target gene is represented

by CFG. If any of the aforementioned evidence is

significant, 1 CFG point is awarded. The sum of the

range of CFG points is 0 to 5.

Software Cytoscape was charity to show the PPI. There 

were 37219 edges and 5664 nodes in the PPI network, as 

shown in Figure 5. Overall, the five hub genes that have close 

relationships were CCR2, VCAM1, CSF1R, ITGAM, and 

MODY1. Now we all knew that after enough iteration, hub 

and authority would always converge to a specific value. 

Now we all knew that after enough iteration, hub and 

authority would always converge to a specific value, as shown 

in Figure 6. 

Figure 5. An overview of the Protein-Protein Interaction 

(PPI) with top 5 hub genes 

Figure 6. Performance measurement for convergence 
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Figure 7. Measure the Hyperlink-Induced Topic Search 

(HITS) computation 

 

In order to identify the relationship between total edges and 

computation time, we perform 100 iterations with a varied 

number of total edges. You can see that the relationship 

between the inference of edges and computing time is almost 

linear, which is really good, as shown in Figure 7. Relationship 

between computation time and total number of edges during 

HITS algorithm iterations. The x-axis represents the number 

of network edges, while the y-axis represents computation 

time in seconds. The results demonstrate an approximately 

linear relationship between edge size and computational 

complexity. The edges' connections to one another, which are 

why it isn't entirely linear, will also, have a small impact on 

how long it takes to compute. The algorithm demonstrated 

stable convergence behavior within approximately 500 

iterations. 

Our study suggests that VCAM1 is a hallmark gene 

associated with diabetic vascular aging and is linked to disease 

course, treatment, and prognosis. A comprehensive 

investigation of the hallmark genes of immune infiltration may 

shed light on the clinical diagnosis and treatment of the 

vascular aging process in diabetes. 

The strong association between MODY1 and diabetic 

vascular aging is novel and warrants further investigation. 

To improve pathway interpretation, enrichment heatmaps 

and pathway interaction visualizations were generated. These 

analyses revealed strong associations among immune 

response, membrane trafficking, and inflammatory signaling 

pathways, as shown in Figure 8. 

 

 
 

Figure 8. Biological pathways of diabetic disease hub genes 

 

 

5. CONCLUSIONS 

 

In conclusion, our study provides more insight into how 

VSMC senescence contributes to diabetes's development of 

vascular aging. We discovered five important genes that are 

strongly linked to it, using bioinformatics methods to study 

vascular aging in diabetes. Understanding the basic processes 

that underline cellular life is significant for identifying key 

genes. This article introduced a novel computer method to 

determine important proteins via a weighted PPI network and 

the HITS algorithms. A weighted PPI network is used to 

discover essential proteins using biomedical information and 

network topology. DEGs with upregulation showed a strong 

link with osteoclast differentiation, lysosome, neutrophil 

degranulation, and immune response. Although the proposed 

computational framework demonstrated robust performance, 

experimental validation using in vitro cellular models and in 

vivo diabetic vascular aging models remain necessary to 

confirm the biological significance of the identified hub genes. 

In contrast, DEGs showed a major connection to ribosome, 

translation, peptide production, and oxidative phosphorylation 

through downregulation. Consequently, we discovered CCR2, 

VCAM1, CSF1R, ITGAM, and MODY1 as essential genes in 

diabetes determined by PPI network analysis. This HITS 

1611



method is used in this study for extensive bioinformatics 

investigation to deepen our accepting of the molecular basis 

from diabetes. The identified hub genes may provide candidate 

biomarkers for future experimental validation and therapeutic 

investigations in diabetic vascular aging.  

Our study provides a computational strategy for identifying 

hub genes in diabetic vascular aging. We discovered five key 

genes (CCR2, VCAM1, CSF1R, ITGAM, MODY1) using a 

weighted HITS algorithm that integrates PPI network 

topology with gene expression and functional annotations. 

Functional analysis linked these genes to critical pathways like 

immune response and membrane trafficking. Limitations this 

study has certain limitations. The analysis relies on pre-

existing datasets, and the findings require validation through 

in vitro or in vivo experiments. The PPI network, while 

comprehensive, may contain false positives and lack 

temporal/spatial dynamic information. Despite the promising 

findings, this study has several limitations.  

The analysis relied primarily on publicly available datasets 

and computational predictions without experimental 

validation. In addition, the PPI network may contain 

incomplete or false-positive interactions that could influence 

gene ranking performance. 

Future work will focus on experimental validation of the 

identified hub genes. We also plan to incorporate additional 

data layers, such as epigenomics and single-cell RNA 

sequencing data, and explore more complex graph neural 

network models to capture the dynamic nature of biological 

interactions. 
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