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ABSTRACT 

 

Osteoporosis (OP), a widespread musculoskeletal disorder characterized by fragile bone 
fractures, has seen increasing attention regarding immune infiltration-related genes. These genes 
show significant predictive value in solid tumor prognosis and are now being explored for their 
roles in musculoskeletal diseases. This study identified osteoporosis-associated differentially 
expressed immune genes (OP-DEGs) by analyzing the overlap between OP-differentially expressed 
genes and immune genes. 

To elucidate the functional implications of these genes, pathway enrichment analysis was 
conducted using Gene Ontology and KEGG databases. Additionally, Gene Set Enrichment Analysis 
(GSEA) and Gene Set Variation Analysis (GSVA) were employed to explore underlying mechanisms. 
A competitive endogenous RNA (ceRNA) network was constructed for critical OP-related immune 
genes, and immune infiltration analysis investigated micro-environmental characteristics. The 
diagnostic effectiveness of OP was evaluated using ROC curves. Finally, RT-PCR determined the 
expression levels of 15 key OP-related immune genes in OP and control groups. 

The study identified 29 OP-DEGs. Extensive bioinformatics analysis pinpointed 15 key genes 
that could serve as potential biomarkers for OP diagnosis. RT-PCR results revealed significantly 
increased expression of VEGFA, HMOX1, RARA, CXCL10, hsa-miR-129-2-3p, OIP5-AS1, and 
HCG18 in the OP group compared to controls. 

Our findings suggest that these immune-related genes may predict OP prognosis and offer new 
perspectives for early prevention and intervention strategies. The identification of specific immune genes 
involved in OP development highlights their potential as therapeutic targets for further investigation. 
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INTRODUCTION 

 

Worldwide, osteoporosis (OP) poses a significant 

challenge to public health, particularly affecting the 

older population. According to the International 

Osteoporosis Foundation (IOF), around 200 million 

people worldwide suffer from osteoporosis. Every three 

seconds, an OP-related fracture occurs in more than 9 

million people.1 The incidence of OP in China is 29% 

for women and 13.5% for men aged 50 and older.2 

Decreased bone mineral density and quality, along with 

the degradation of bone tissue's microarchitecture, may 

result in heightened skeletal fragility and an elevated 

risk of fractures.3 OP is marked by its widespread 

occurrence, severe illness rates, increased death rates, 

and limited public awareness.4 This disease has not 

received sufficient research attention due to its insidious 

onset and lack of obvious symptoms at an early stage. 

Specifically, it is difficult to diagnose OP prior to the 

occurrence of bone fractures. Currently, inhibition of the 

RANKL-RANK system5 and Wnt/β-catenin signaling6 

is a major target for the treatment of OP, with 

denosumab and romosozumab as the respective 

representative drugs.7 However, all available drugs for 

OP have serious side effects,8 and the mechanisms 

underlying their anti-osteoporotic action are not fully 

understood.9 Hence, innovative therapeutic strategies 

and efficient preventive measures for OP are critically 

needed. Achieving this goal requires a deeper 

understanding of OP's pathogenesis and its possible 

molecular biomarkers. 

Osteoporosis (OP) results ferom an imbalance in the 

interactions between bone resorption and formation as 

part of the bone remodeling cycle. The functions of 

osteoblasts and osteoclasts, which play a role in 

maintaining bone balance, are controlled by a wide 

variety of molecules.10 Currently, clinical guidelines 

endorse the use of a spectrum of serum biomarkers that 

indicate bone turnover and metabolic activity. Included 

in this group are the following: the type I collagen C-

terminal telopeptide; the procollagen I N-terminal 

propeptide, the amino acids pyridinoline and 

deoxypyridinoline responsible for cross-linking, 

parathyroid hormone, osteocalcin, bone-specific 

alkaline phosphatase, and the tartrate-resistant acid 

phosphatase variant known as 5b.11,12 Nevertheless, 

these standard protein markers lack tissue specificity for 

bone and fail to indicate osteocyte function or periosteal 

metabolic processes.13 Furthermore, bone metabolism is 

strongly influenced by the immune system.14 Moreover, 

the interaction of bone and immune cells could influence 

the progression of OP.15 For instance, immune system 

gene expression profiles, including those of B 

lymphocytes and monocytes, contribute to the 

pathogenesis of OP, and crucial genes such as 

interleukin and its receptors, differentiation cluster 

molecules, and transforming growth factors can serve as 

biomarkers for OP.16-18 Recently, significant research 

has focused on differentially expressed genes (DEGs) in 

OP. For example, microRNAs such as miR-181c-5p, 

miR-497-5p,19 miR-424-5p,20 and miR-135b-5p21 are 

essential molecular regulators in bone metabolism. 

These microRNAs influence gene expression and are 

instrumental in bone cell formation. In other words, 

many microRNAs have been identified as potential 

biomarkers for osteoporosis. Nevertheless, the intricate 

characteristics of osteoporosis impede advancements in 

understanding its etiology, with the underlying 

molecular processes remaining largely unexplored. 

Numerous investigations have been carried out to 

enhance our comprehension of the molecular pathways 

of OP by pinpointing various vulnerability genes 

through a meta-analysis of genome-wide association 

studies. Nonetheless, the fundamental causal variants 

and biological regulatory pathways remain largely 

unexplored.22,23 Microarray data analysis can not only 

identify the key dysfunctional pathways in OP24 but also 

detect the expression levels of OP-related genes, 

including mRNAs and lncRNAs.25,26 However, the 

above studies are based on limited data sets, and a small 

increase in the false positive rate significantly amplify 

the analysis results. Consequently, additional in-depth 

analyses are necessary to pinpoint more dependable 

biomarkers and rectify these discrepancies. 

For this research, we conducted an analysis of gene 

expression data associated with osteoporosis, drawing 

from multiple datasets within the GEO (Gene 

Expression Omnibus) database, and simultaneously 

extracted genes pertinent to the immune system from the 

ImmPort repository. Afterward, we carried out an in-

depth examination of crucial immune genes related to 

osteoporosis, which included analyzing gene expression 

differences, categorizing functions with GO(Gene 

Ontology), conducting enrichment analysis using 

GSEA(Gene Set Enrichment Analysis), assessing 

variability with GSVA(Gene Set Variation Analysis), 

categorizing immune cell types, constructing ceRNA 

interaction networks, evaluating diagnostic accuracy, 
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studying prognostic impact, and analyzing quantitative 

data. The results indicated that the key immune genes 

related to OP are closely related to immune cells. These 

genes can be used as biomarkers of OP and exhibit 

prognostic value that may lead to new targets for the 

diagnosis and treatment of OP. 

 

MATERIALS AND METHODS 

 

Data  

Gene expression datasets, including GSE56815,24 

GSE7158, GSE56116, and GSE100609 were obtained 

from the GEO database27 using the R software package 

GEOquery.28 The datasets were then divided into OP 

and control groups for analysis. Among them, 

GSE56815 contained 20 premenopausal osteoporotic 

tissues, 20 premenopausal normal tissues, 20 

postmenopausal osteoporotic tissues, and 20 

postmenopausal normal tissues; GSE7158 contained 12 

osteoporotic tissues and 14 normal tissues; GSE56116 

contained ten osteoporotic tissues and three normal 

tissues; and the validation set GSE100609 contained 

four osteoporotic tissues and four normal tissues 

(Supplementary Table S1). Additionally, we retrieved 

2,483 genes associated with the immune system from the 

ImmPort database.29 

 

 Osteoporosis-related Differentially Expressed Genes  

To analyze the influence of gene expression values 

on osteoporotic tissues relative to normal tissues, we 

divided the two data sets into osteoporotic tissues and 

normal tissues according to the grouping information in 

the data. We identified DEGs associated with OP using 

the R package limma.30 The thresholds for statistical 

significance were set at |logFC|>1.2 and p<0.05. Taking 

the intersection of OP-related DEGs and immunological 

genes yielded OP-related immunological DEGs (OP-

DEGs). 

 

Functional Annotations of OP-DEGs 

Annotation analysis based on Gene Ontology is 

frequently utilized in extensive studies of gene function 

enrichment, encompassing categories such as biological 

processes (BP), molecular functions (MF), and cellular 

components (CC).31 The KEGG database, a repository 

extensively employed in the scientific community, 

archives comprehensive data encompassing genomes, 

pathways of life processes, medical conditions, 

pharmaceuticals, and more.32 In our study, the DAVID 

Bioinformatics Resources were utilized to aid in the 

assignment of GO terms and the analysis of KEGG 

pathways for genes associated with osteoporosis. It is 

essential to conduct gene-focused ontology enrichment 

analysis to gain insights into the development of 

intricate diseases, to detect and prevent major illnesses 

at an early stage, to explore new avenues for drug 

discovery, and to evaluate the safety of pharmacological 

agents. In our research, we applied the R package 

DOSE33 for enrichment analysis of OP-DEGs, with 

statistical significance set at a P value below 0.05. 

 

Gene Set Enrichment Analysis 

GSEA assesses gene set enrichment ranked by 

phenotypic association, to disclose the genetic influence 

on phenotypes.34 For this research, we retrieved the 

"C2.kegg.v7.4.symbols" and "c5.go.v7.4.symbols" gene 

sets from MSigDB and conducted GSEA on the four 

datasets using the "clusterprofiler" R package.35 A p 

value<0.05 was considered statistically significant.36 

 

Gene Set Variation Analysis 

The GSVA method, a non-parametric and 

unsupervised approach,37 facilitates the assessment of 

gene set enrichment for transcriptome datasets, 

translating individual gene expression profiles across 

samples into a gene set-centric format to determine the 

presence of enriched metabolic pathways. In this study, 

we obtained the "h.all.v7.4.symbols" gene set from the 

MSigDB database and performed GSVA on the four 

datasets to identify differences in functional enrichment 

between samples.  

 

Immune Infiltration Analysis of OP-DEGs  

The immune microenvironment (or tumor 

microenvironment) is a complex system primarily 

composed of normal tissue cells, lesional histiocytes, 

surrounding immune and inflammatory cells, 

fibroblasts, interstitial tissue, and various cytokines and 

chemokines. The infiltration analysis of immune cells in 

cancer tissues plays an important instructive role in 

disease research, including treatment, prognosis, and 

prediction. 

Employing linear support vector regression, the 

CIBERSORT algorithm performs the deconvolution of 

gene expression data for distinct immune cell subtypes. 

RNA-Seq data are used to estimate the immune cell 

infiltration in osteoporotic tissues and normal tissues.38 

This research employed CIBERSORT to assess immune 
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cell distribution disparities in osteoporotic versus 

healthy tissues, correlating OP-DEGs to immune cell 

presence using Pearson coefficients. The key immune 

genes associated with OP were identified based on the 

following criteria: p<0.05 and Pearson correlation 

coefficients exceeding 0.3 among at least four immune 

cell genes. 

 

Competitive Endogenous RNA Network 

Construction 

The ceRNA element can compete with RNA. 

Regulatory networks that involve ceRNA make up the 

ceRNA regulatory network. In this study, we analyzed 

miRNAs and lncRNAs that interact with key OP-related 

immune genes in the post-transcriptional stage.39,40 We 

also used the miRNA database41 to obtain miRNAs and 

lncRNAs that interact with key OP-related immune 

genes. Using Cytoscape software, we visualized the 

miRNA-lncRNA network for key immune genes 

associated with OP.42 

 

Validation of Key Osteoporosis-related Immune 

Genes  

The validation set GSE100609 contained four 

osteoporotic and four normal tissues. As a result, the 

CIBERSORT algorithm was used to analyze immune 

infiltration in osteoporotic tissues compared to normal 

tissues, and a relationship between key osteoporosis-

related immune genes and immune cells was found. 

 

Prognostic Association of Key Osteoporosis-related 

Immune Genes 

Utilizing the R package Proc,43 we evaluated the 

discriminative ability of key OP-associated immune 

genes by creating ROC curves for five separate datasets 

and calculating the AUC 

for each dataset. Immune genes linked to 

osteoporosis, demonstrating AUC scores above the 0.5 

threshold across all five datasets, were deemed to have 

prognostic significance.  

 

Bone Mineral Density Assessment and Study 

Population Selection 

Bone mineral density (BMD) was meticulously 

measured at the femoral neck and lumbar spine (L2-L4) 

utilizing dual-energy X-ray absorptiometry (DEXA). In 

accordance with the established guidelines from the 

World Health Organization (WHO), we defined the 

thresholds for osteoporosis and non-osteoporosis: a T-

score exceeding-1 standard deviation (SD) was deemed 

non-osteoporotic, whereas a T-score below -2.5 SD 

indicated osteoporotic status. 

 

Study Participants 

Our study enrolled a total of six subjects, who were 

carefully stratified into an OP group and a normal 

control group based on their Bone Mineral Density 

(BMD) measurements. The inclusion and exclusion 

criteria were rigorously applied to ensure the validity 

and reliability of our findings, as outlined below: 

Inclusion Criteria: 

Postmenopausal women 

Exclusion Criteria: 

 

 

Individuals with conditions potentially affecting 

bone metabolism, encompassing secondary 

osteoporosis, chronic bone diseases (e.g., rheumatoid 

arthritis, osteogenesis imperfecta), metabolic disorders 

(e.g., diabetes, thyroid diseases), chronic illnesses of 

internal organs (e.g., liver, kidney), and those currently 

receiving hormone therapy (e.g., hormone replacement 

therapy, bisphosphonates, corticosteroid treatment). 

All BMD assessments were conducted by a single, 

highly trained senior technician to maintain consistency 

and accuracy. Additionally, peripheral blood samples (5 

mL) were collected from each participant after a 

minimum 12-hour fasting period to control for potential 

confounding factors related to recent dietary intake. 

 

Quantitative Real-time Polymerase Chain Reaction 

(qRT-PCR) Validation 

In total, six individuals, including three in the OP 

group and three in the normal control group, were 

recruited for qRT-PCR validation. The qRT-PCR 

analysis was conducted using the ABI 7500 Real-time 

PCR Detection System. The protocol commenced with 

an initial heating at 95°C for a duration of 10 minutes, 

succeeded by a series of 40 cycles, each comprising 

heating at 95°C for 15 seconds and a subsequent 

incubation at 60°C for 1 minute. mRNA expression 

levels were determined relative to 18s, employing the 2-

ΔCt technique, while miRNA levels were normalized to 

human hsa-U6 as an internal control in the analysis. 

 

Statistical Analysis 

Data computation and statistical analysis were 

performed using R software, particularly version 4.0.2, 
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accessible at https://www.r-project.org/. When 

comparing continuous variables between two groups, we 

utilized the Student's t-test for data that followed a 

normal distribution to establish statistical significance. 

In contrast, the Mann-Whitney U test (also known as the 

Wilcoxon rank sum test) was employed for variables 

that did not conform to a normal distribution. To assess 

the accuracy of the risk score and its prognostic utility, 

we employed the pROC package in R to generate ROC 

curves and calculate AUC values. A p value of less than 

0.05 was considered statistically significant, and all tests 

were conducted as two-tailed tests. 

 

RESULTS 

 

Identification of DEGs 

First, we corrected the gene expression values of the 

selected four groups of data according to the workflow 

shown in Figure 1. Before correction, the gene 

expression levels exhibited a larger difference (Figure 

1A, 1C, 1E, 1F) than the corrected data, whereas the 

corrected data showed a more uniform distribution 

(Figure 1B, 1D, 1F, 1H). To analyze the impact of gene 

expression values on osteoporotic tissue relative to 

normal tissue, DEGs was performed using the R package 

limma, and volcano plots were produced for the DEGs 

(Figure 2 and Supplementary Table S2). From the 

GSE56815 dataset, 369 DEGs were identified in the 

premenopausal group, with 279 genes upregulated and 

90 downregulated (Figure 2A). The dataset GSE7158 

revealed 2,190 differentially expressed genes (DEGs), 

consisting of 1,820 upregulated genes and 370 

downregulated genes (Figure 2B). In the GSE56116 

dataset, 1,103 DEGs were identified, with 738 genes 

showing upregulated and 365 genes showing 

downregulated (Figure 2C). In the postmenopausal 

group of GSE56815, 217 DEGs were detected, of which 

117 genes exhibited upregulation and 110 genes 

exhibited downregulation (Figure 2D). By analyzing 

DEGs across these datasets, we obtained 205 OP-related 

DEGs. _when intersecting these with 2, 483 immune 

genes resulted in 29 OP-DEGs. 

 

GO Functional Annotation and KEGG Pathway 

Enrichment Analysis 

To analyze the relationship between OP-DEGs and 

biological processes (BP), molecular functions (MF), 

cellular components (CC), and biological pathways, we 

first performed GO enrichment analysis of these genes 

(Figure 3A and Supplementary Table S3). The analsis 

revealed that OP-DEGs were primarily involved in 

several key areas, including immune system reactions, 

Fc-epsilon receptor pathways, inflammation, ventricular 

cardiac muscle cell differentiation, RNA polymerase II 

transcription enhancement, C-type lectin receptor 

signaling, cell proliferation, cytokine signaling, NF-

kappa B activity regulation, and adaptive immune 

response, all linked to BP, as depicted in Figure 3B. In 

terms of CC, DEGs showed enrichment in multiple 

cellular regions, including the plasma membrane, 

integral components of membranes, regions outside the 

cell, the outer side of the cell's plasma membrane, 

extracellular areas, cytoplasm near the cell nucleus, 

dendrites, complexes of T cell receptors, chromatin 

within the cell nucleus, and specialized regions of the 

cell membrane (Figure 3C). Regarding MF, the OP-

DEGs exhibited enrichment in enzyme binding, receptor 

binding, cytokine activity, retinoic acid-responsive 

element binding, retinoic acid receptor activity, antigen 

binding, protein binding, protein kinase B binding, 

heparin binding, and chemokine receptor activity 

(Figure 3D). 

The KEGG enrichment analysis identified 

significant enrichment of OP-DEGs across various 

pathways, including Cytokine-cytokine receptor 

interaction, Chemokine signaling pathway, HTLV-I 

infection, Pathways in cancer, B cell receptor signaling 

pathway, Influenza A, Tuberculosis, NF-kappa B 

signaling pathway, Toll-like receptor signaling pathway, 

and Toxoplasmosis, among others. Remarkably, the 

pathway associated with Cytokine-cytokine receptor 

interaction showed the highest level of significance 

among all the enriched pathways (Figure 3F). Moreover, 

we analyzed the diseases related to the OP-DEGs and 

found that these genes were enriched in Behcet's 

syndrome, thyroiditis, dengue fever, pulmonary 

emphysema, malignant neoplasm of the mouth, 

bronchiolitis, metastatic melanoma, classical Hodgkin's 

lymphoma, influenza, lung diseases, and other diseases 

(Figure 3). 
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Figure 1. Correction of osteoporosis-related data. Patient ID is shown on the abscissa, and gene expression level is shown on 

the ordinate. Blue symbols represent osteoporosis tissue, and red symbols indicate normal tissue. Panels A, C, E, and G display 

pre-correction data, whereas panels B, D, F, and H show the corrected data. 
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Figure 2. Osteoporosis-related differentially expressed genes (OP-DEGs). The x-axis displays the log2 Fold Change, while the 

y-axis shows the -log10 of the adjusted P value. Genes with increased expression and differential expression are denoted by red 

nodes, genes with decreased expression are represented by blue nodes, and genes with no significant alteration in expression 

are indicated by gray nodes. 
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Figure 3. GO functional annotation and KEGG pathway enrichment analysis. (A)Analysis of differentially expressed genes 

(DEGs) enriched in Gene Ontology (GO) terms revealed the following results. The gene ratio is represented on the horizontal 

axis, and the GO term is displayed on the vertical axis. The color of each node denotes the p-value significance, while the size 

of the node corresponds to the number of genes linked to the respective GO term. (B–D) Gene expression visualization in the 

top 10 categories of enriched Biological Processes (BP), Cellular Components (CC), and Molecular Functions (MF) from GO 

analysis. The nodes' color represents the level of gene expression, with green indicating downregulation and red indicating 

upregulation. The color scheme of the quadrilateral shapes reflects the impact of gene expression on the GO term; red denotes 

activation, and white represents inhibition. (E)The OP-DEGs' results of KEGG enrichment analysis. Pathway names are shown 

on the horizontal axis, and significant p values are shown on the vertical axis. The columns are color-coded to indicate gene 

expression effects on pathways: red for activation and white for inhibition. (F) Enrichment results of cytokine-cytokine receptor 

interaction. (G) Disease Ontology enrichment analysis results of OP-DEGs. The color of the nodes in the network indicates the 

magnitude of the log2FC, while the size of the nodes represents the number of genes associated with the disease under 

investigation. Additionally, the color of the lines connecting the nodes signifies the different diseases being studied. 
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GSEA 

The relationship between gene expression and 

biological processes (BP), molecular functions (MF), 

and cellular components (CC) was examined in four 

datasets to determine how gene expression influences 

osteoporosis. Our findings indicated that genes from the 

GSE56815 premenopausal dataset predominantly 

influenced critical biological functions, including actin 

filament organization, immune response activation, cell-

substrate junctions, and chromatin covalent 

modification (refer to Figures 4A–B and Supplementary 

Table S4). Genes in GSE7158 mostly affected 

biologically relevant functions such as actin-binding, 

actin cytoskeleton, anatomical structure homeostasis, 

and anion transmembrane transport (Figure 4C–D and 

Supplementary Table S5). GSE56116 showed numerous 

genes that were associated with vital biological 

functions, including amide binding, azurophilic 

granules, immune response regulation signaling 

pathways, and leukocyte migration (Figure 4E - F and 

Supplementary Table S6). Genes in GSE56815 

postmenopausal data primarily affected biological 

relevant functions such as actin binding, actin 

cytoskeleton, B-cell activation, and cadherin binding 

(Figure 4G–H and Supplementary Table S7).  

 

GSVA  

Based on GSVA analysis of the four sample groups, 

along with limma differential analysis, it was observed 

that the following functions were prominently different 

between normal and OP tissues in the GSE56815 

premenopausal dataset: the hallmark UV response 

signature, complement activation signature, peroxisome 

signature, and apoptosis signature (refer to Figure 6A). 

For GSE7518 data, the functions of hallmark UV 

response up, hallmark allograft rejection, hallmark 

peroxisome, and hallmark apoptosis differed 

significantly between normal tissues and OP tissues 

(Figure 6B). For GSE56116 data, functions of hallmark 

UV response up, hallmark complement, hallmark 

peroxisome, and hallmark apoptosis differed 

significantly between normal tissues and OP tissues 

(Figure 6C), whereas for GSE56815 postmenopausal 

data, these functions were hallmark UV response up and 

hallmark interferon alpha response (Figure 6D).  

 

Immune Infiltration Analysis 

To analyze the correlation between OP-DEGs and 

the degree of immune infiltration in OP tissues and 

normal tissues, we used the CIBERSORT algorithm to 

calculate the degree of 22 types of immune cell 

infiltration in OP tissues and normal tissues in four 

groups of data (Figure 7). The findings indicated that 

four genes had a significant association with a minimum 

of four types of immune cells in Data Group 1 (Figure 

8A), two genes were closely related to at least four 

immune cells in Data Group 2, 16 genes were closely 

related to at least four immune cells in Data Group 3 

(Figure 8B), and six genes were closely related to at least 

four immune cells in Data Group 4 (Figure 8C). 

According to the union set of the above genes, we 

obtained 20 key OP-related immune genes (Figure 8D). 
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Figure 4. GSEA-GO analysis. (A) GSE56815 premenopausal data. (B) First four results of GSE56815 premenopausal data. (C) 

GSE7158 data. (D) First four results of GSE7158 data. (E) GSE56116 data. (F) First four results of GSE56116 data. (G) 

GSE56815 postmenopausal data. (H) First four results of GSE56815 postmenopausal data. On the horizontal axis are the 

percentages of genes, while on the vertical axis are the Gene Ontology (GO) terms. GO term enrichment is indicated by the 

color of each node, and the size of the node represents how many genes are associated with the term. 

Moreover, Gene Set Enrichment Analysis (GSEA) on the GSE56815 premenopausal dataset indicated that gene expression is 

primarily associated with Huntington's disease, cancer-related pathways, chemokine signaling, and Soluble N-ethylmaleimide-

sensitive factor Attachment protein REceptor (SNARE) involvement in vesicle trafficking (refer to Figure 5A–B). For 

GSE7518, gene expression was mainly related to the calcium signaling pathway, Wnt signaling pathway, ECM receptor 

interaction, and hedgehog signaling pathway (Figure 5C–D). For GSE56116, gene expression was mainly related to leishmania 

infection, pathways in cancer, the chemokine signaling pathway, and glycerolipid metabolism (Figure 5E–F). As shown in 

Figure 5G-H, GSEA analysis of the postmenopausal data from GSE56815 revealed a strong association between gene 

expression and focal adhesions, MAPK signaling, and tight junctions. 
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Figure 5. GESA-KEGG analysis. (A) GSE56815 premenopausal data. (B) First four results of GSE56815 premenopausal data. 

(C) GSE7158 data. (D) First four results of GSE7158 data. (E) GSE56116 data. (F) First four results of GSE56116 data. The 

transverse axis is used to denote the ratio of genes, while the pathway's name is shown by the longitudinal axis. Further, the 

color coding of the nodes indicates the significance level of pathway enrichment. (G) In the GSE56815 postmenopausal dataset, 

the proportion of genes is represented along the horizontal axis, while the pathway names are indicated along the vertical axis. 

Nodes' colors indicate the significance of Gene Ontology GO term enrichment in the first four results of GSE56815 

postmenopausal data. (H) First four results of GSE56815 data. 
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Figure 6. GSVA analysis. (A) GSE56815 premenopausal data. (B) GSE7158 data. (C) GSE56116 data. (D) GSE56815 

postmenopausal data. Nodes are colored by Hallmark enrichment scores, with the horizontal axis representing patient 

identification, the vertical axis representing hallmark gene sets, and the horizontal axis representing patient identification. 
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Figure 7. Immune infiltration analysis. (A) GSE56815 premenopausal data. (B) GSE7158 data. (C) GSE56116 data. (D) 

GSE56815 postmenopausal data. The vertical axis indicates the percentage of immune cells, and the horizontal axis indicates 

patient ID. Node color represents the different immune cells.  
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Figure 8. Key osteoporosis-related immune genes. (A) GSE56815 premenopausal data. (B) GSE7158 data. (C) GSE56116 data. 

(D) GSE56815 postmenopausal data. These plots display the correlation between Osteoporosis-related differentially expressed 

genes (OP-DEGs) and immune cells in osteoporotic and normal tissues. The horizontal axis represents the immune cells, while 

the vertical axis represents the OP-DEGs. The significance of correlations is denoted by node color, while their absolute values 

are suggested by node size. 

 
The Competitive Endogenous RNA Network 

Involving Key Immune Genes Related to 

Osteoporosis. 

We constructed a ceRNA network of key OP-related 

immune genes, which contained 18 mRNAs, 603 

miRNAs, and 11,213 lncRNAs (Figure 9A). The top five 

targeting key OP-related immune genes of miRNA were 

VEGFA regulated by 207 miRNAs, PLSCR1 regulated by 

94 miRNAs, HMOX1 regulated by 78 miRNAs, RARA 

regulated by 58 miRNAs, and CXCL10 regulated by 55 

miRNAs. The top five miRNAs that simultaneously 

controlled multiple key immune genes related to 

osteoporosis included hsa-mir-124-3p, hsa-mir-20a-5p, 

and hsa-mir-34a-5p, which regulated seven key 

osteoporosis-related immune genes, along with hsa-mir-

128-3p and hsa-mir-129-2-3p, which regulated six key 

osteoporosis-related immune genes. The top five 

lncRNAs with the most binding relationships to miRNAs 

in the network were NEAT1(binding to 204 miRNAs), 

KCNQ1OT1 (binding to 203 miRNAs), XIST (binding to 

186 miRNAs), OIP5-AS1(binding to 112 miRNAs), and 

HCG18(binding to 107 miRNAs), whereas the top five 

miRNAs with the most associations with lncRNAs were 

hsa-mir-15a-5p,hsa-mir-15b-5p (binding to 114 

lncRNAs), hsa-mir-6838-5p (binding to 113 lncRNAs), 

and hsa-mir-16-5p and hsa-mir-195-5p (binding to 112 

lncRNAs). Furthermore, 243 miRNAs exhibited a 

regulatory nexus with both key OP-related immune genes 

and lncRNAs (Figure 9C); for example, hsa-mir-296-5p, 

hsa-mir-30e-5p, and hsa-mir-361-5p2 (Figure 9B,9D). 

 

Validation of Key Osteoporosis-related Immune Genes 

We first corrected the data (Figure 10A–B) and 

analyzed the correlation between OP-DEGs and the 
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degree of immune infiltration in OP tissues compared to 

normal tissues. Within the validation dataset, the 

CIBERSORT method was employed to quantify the 

infiltration levels of 22 immune cell types in both OP 

and normal tissues (Figure 10C). Subsequently, the 

associations between 20 crucial OP-associated immune 

genes and these immune cells were determined. The 

results showed that 14 genes were closely related to 13 

immune cells (Figure 10D). 

 

 

Figure 9. CeRNA network. (A) ceRNA network of key osteoporosis-related immune genes. (B) miRNA-related ceRNA networks 

displayed a regulatory relationship with both key osteoporosis-related immune genes and lncRNAs. Red nodes are key 

osteoporosis-related immune genes, blue nodes are miRNAs regulating the key osteoporosis-related immune genes, and green 

nodes are the lncRNAs. (C) miRNAs displaying a regulatory relationship with both key osteoporosis-related immune genes and 

lncRNAs. (D) The Sankey plot of the ceRNA network. 
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Figure 10. Validation of GSE100609 data. (A–B) Correction of osteoporosis-related data. Abscissa is the patient ID, ordinate 

is the gene expression level, blue indicates osteoporosis tissue, and yellow indicates normal tissue. A represents pre-correction 

data, and B represents corrected data. (C) Immune infiltration analysis of GSE100609 data. A transverse axis indicates the 

patient's ID, and a longitudinal axis indicates the proportion of immune cells. Node color represents the different immune cells. 

(D) Correlation between key osteoporosis-related immune genes and immune cells in osteoporotic and normal tissues in 

GSE100609 data. The transverse axis indicates immune cells and the longitudinal axis indicates key osteoporosis-related 

immune genes. The correlation's significance is indicated by the color of the nodes, and their absolute values are conveyed 

through the nodes' size.  

 
Diagnostic Efficacy Analysis of Key Osteoporosis-

Related Immune Genes 

To further analyze the influence of key OP-related 

immune genes on OP diagnosis, we drew the ROC 

curves for 20 key OP-related immune genes in five 

datasets and then calculated the AUC values (Figure 11). 

In the analysis of five distinct datasets, immune genes 

linked to OP and possessing an AUC value exceeding 

0.5 were deemed to have prognostic significance. As a 

result, we identified 11 key OP-related immune genes 

with prognostic value, including CD1E, CYBB, 

HMOX1, GLV1-44, IL17RA, IL1R2, NRG1, PLSCR1, 

SYK, TNFSF10 and IGK. 

 

The Experiment on 15 Key Osteoporosis-related 

Immune Genes 

Subsequently, we assessed the expression levels of 15 

crucial OP-associated immune genes in both OP and 

normal control groups using RT-PCR. In Supplementary 

Table S8, primers for RT-PCR are listed. The RT-PCR 

analysis shows a decrease in the mRNA levels of hsa-

mir-34a-5p and hsa-mir-128-3p in OP compared to 

controls, but no significant differences were found. In 

contrast, the reverse findings were noted for the 

remaining 13 genes. Besides, the gene expression of 

VEGFA, HMOX1, RARA, CXCL10, hsa-mir-129-2-3p, 

OIP5-AS1, and HCG18 increased significantly (p<0.05). 
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In addition, no significant differences were observed 

between the OP group and control group in the levels of 

PLSCR1, hsa-mir-124-3p, and hsa-mir-20a-5p, NEAT1, 

KCNQ1OT1, and XIST (Figure 12). 

 

 

 

 

 

Figure 11. Diagnosis ROC curve for key osteoporosis-related immune genes. The transverse axis indicates the specificity of the 

test, the longitudinal axis indicates the sensitivity and the five lines represent the five respective data sets. 
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Figure 12. The qRT-PCR results of 15 key osteoporosis-related immune genes. (A-O) VEGFA, PLSCR1, HMOX1, CXCL10, 

hsa-miR-124-3p, hsa-miR-20a-5p, hsa-miR-34a-5p, hsa-miR-128-3p, hsa-miR-129-2-3p, NEAT1, KCNQ10T1, SIXT, OIP5-AS1, 

HCG18, and RARA. 

 
DISCUSSION 

 

Osteoporosis, the most prevalent bone condition, has 

serious implications. Prior research has demonstrated a 

correlation between the increasing incidence of 

osteoporosis, the inadequacies of existing treatment 

modalities, and the persistent occurrence of reduced 

bone density and osteoporotic fractures, underscoring 

the necessity of understanding the underlying 

mechanism. Despite advances in treatment strategies, no 

effective therapeutic targets are currently available for 

OP, and no sensitive biomarkers have yet been identified 

for the diagnosis and prevention of OP. Furthermore, the 

close relationship between the immune system and bone 

metabolism, as well as the potential impact of 

interactions between bone cells and immune cells on the 

development of OP, have been highlighted. 

Consequently, we conducted a thorough 

bioinformatics investigation into OP utilizing four gene 

expression datasets to pinpoint potential biomarkers.29 

OP-DEGs, which consist of immune-related genes, were 

discovered. Functional annotations using GO analysis 

indicated that these OP-DEGs were predominantly 

involved in immune response, plasma membrane 

functions, and enzyme binding. Analysis via the KEGG 

pathway revealed that the interaction between cytokines 

and their receptors was of utmost significance. GSEA 

and GSVA analyses showed that enriched pathways and 

modules were linked to immune response and genes 

upregulated in response to UV radiation. In addition,20 

key immune genes related to OP, which were identified 

by immune infiltration analysis, demonstrated high 

diagnostic potential for OP. 

By constructing a ceRNA network of key OP-related 

immune genes, we have identified the top 5 miRNAs 

that target these critical immune genes as well as the top 

5 miRNAs that control multiple OP-related immune 

genes. Additionally, we have discovered the top 5 

lncRNAs within this network that interact most 

frequently with miRNAs, along with the top 5 miRNAs 
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that have the most interactions with lncRNAs.. Our 

research found that 11 key genes associated with OP had 

prognostic value. To validate our bioinformatic results, 

we performed RT-PCR on our OP patient samples for a 

total of 15 selected genes. A significant increase in 

mRNA levels of VEGFA, HMOX1, RARA, CXCL10, 

hsa-mir-129-2-3p, OIP5-AS1, and HCG18 was noted in 

osteoporosis patients compared to controls. For 

example, HMOX1 (heme oxygenase), not only plays a 

role in reducing fat differentiation in fat metabolism but 

also enhances bone differentiation in bone development.45 

Additionally, HMOX1 can play an anti-adsorption role in 

the pathogenesis of OP and reduce bone loss by blocking 

bone differentiation.46 This means that HMOX1 

contributes to combating the reduction in bone mass that 

occurs with aging. Increasing HMOX1 expression can 

also reduce the level of intracellular reactive oxygen 

species, which could affect the balance between bone 

resorption and bone formation, thereby alleviating OP.47 

HMOX1 could serve as a promising therapeutic target for 

OP prevention. Research has indicated that VEGFA is a 

significant factor within the context of OP. VEGFA, an 

angiogenic factor, is induced in human mesenchymal 

stem cells and human adipose-derived stem cells from 

osteoporotic donors in response to uniaxial cyclic tensile 

strain.48 This suggests that down-regulating VEGFA 

expression can suppress osteogenic differentiation, 

making it a potential therapeutic target for OP.49 This 

suggestion is supported by our findings. 

Analysis of GO and KEGG for the 29 OP-DEGs 

revealed their predominant enrichment in immune 

response, plasma membrane, and enzyme binding 

categories. Among the pathways studied, cytokine-

cytokine receptor interaction was the most prominent. In 

individuals with OP, defining traits include reduced 

bone density and compromised microarchitecture.50 

Research indicates that the immune response, known for 

its significant influence on bone metabolism, could be 

crucial in the advancement of osteoporosis (OP).51,52 

Similarly, our study revealed that OP-DEGs and 

immune response were indeed correlated.  

Moreover, emerging research has provided new 

evidence that membrane trafficking in osteoclasts may 

be exploited for the development of new therapies for 

metabolic bone disorders such as OP.53 As a result, these 

differentially expressed genes are closely related to the 

onset and progression of OP. 

DEGs linked to OP were further analyzed using 

GSVA and GSEA. Actin filament organization, actin 

binding, and amide binding were the three main enriched 

biological functions in the three diverse datasets. 

Huntington's disease, the calcium signaling pathway, 

lysosome, and focal adhesion were the four major 

pathways among these datasets. GSVA analysis 

revealed a significant differential expression of the 

hallmark UV response in genes across these datasets. 

Actin and UV significantly enriched biological 

functions. Notably, osteoclasts feature an exceptionally 

dynamic actin cytoskeleton that is crucial for their role 

in bone resorption.54 Previous research has shown that 

an inhibitor of the binding interaction, which is engaged 

by the actin cytoskeleton, blocks bone resorption in pre-

clinical animal models, including a model of 

postmenopausal OP.55 In addition, short-range UV 

irradiation may ameliorate postmenopausal OP 

associated with vitamin D deficiency.56 Furthermore, 

irradiation with UV-LED (305 nm) increases vitamin D 

production, bone density, and strength.57  

Through immune infiltration analysis and diagnostic 

efficacy analysis, we identified 11 key OP-related 

immune genes with prognostic value. These genes are 

CD1E, CYBB, HMOX1, GLV1-44, IL17RA, IL1R2, 

NRG1, PLSCR1, SYK, TNFSF10, and IGK. Several 

previous studies have also reported key OP genes that 

could be used as potential biomarkers. CD1E is the only 

gene stored in soluble form in human CD1 protein in the 

late endophytes of dendritic cells, which can present 

lipid or glycolipid antigens.58 Research demonstrates an 

association between reduced bone mineral density in OP 

sufferers and an increase in marrow adiposity.59 

Additionally, elevated levels of high-density 

lipoproteins are observed in the blood of those with 

OP,60 implying a possible role of lipids in OP's 

development. CD1E may also serve as a promising 

osteoporosis biomarker, according to our study. SYK 

(spleen tyrosine kinase) plays a crucial role in adaptive 

immune receptor signaling,61 which is predominantly 

involved in the signal transmission of various immune 

sensors. Currently, bone marrow cells lacking SYK 

struggle to develop into OP.62-64 Our results suggest that 

the development of drugs inhibiting SYK expression 

could benefit the treatment of OP. 

However, there are limitations to this research. Firstly, 

additional validation through animal studies was not 

conducted. Many biomarkers linked to OP have yet to be 

fully identified, necessitating further analysis and 

experimental validation to ascertain the significance of 

these crucial genes in the context of OP. Secondly, due to 
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the lack of corresponding clinical correlation research, we 

were not able to analyze the results in combination with 

clinical information. Finally, the large number of datasets 

may have resulted in inter-batch differences that could not 

be avoided or removed during analysis.  

In summary, this investigation delved into the 

molecular processes underlying the progression and 

prevention of OP. Utilizing extensive bioinformatics 

methods and qRT-PCR, we pinpointed crucial immune 

genes linked to OP as potential biomarkers. Nonetheless, 

the precise pathogenic pathways and molecular targets 

require additional validation. 
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