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Background and Objective: Osteoporosis (OP) is a metabolic disease characterized by reduced bone mass and increased fracture 
risk. Tryptophan metabolism may play a crucial role in its pathogenesis, although the underlying mechanisms remain unclear. This 
study aimed to identify key regulatory genes and elucidate molecular mechanisms through integrated transcriptomic analysis.
Methods: OP-related datasets from Gene Expression Omnibus were analyzed using differential expression analysis, weighted gene 
co-expression network analysis, and tryptophan metabolism gene sets. Machine learning algorithms were applied to screen key genes 
and construct diagnostic models. Regulatory networks including protein-protein interaction, competing endogenous RNA, and 
transcriptional regulation were established. Key findings were validated through independent datasets, Mendelian Randomization, 
single-cell analysis, and RT-qPCR.
Results: Two key genes were identified: DVL1 (significantly downregulated) and RBM39 (significantly upregulated) in OP patients. 
DVL1 negatively correlated with resting memory CD4+ T cells and eosinophils, while RBM39 positively correlated with memory 
B cells and M2 macrophages. DVL1 (AUC = 0.75) and RBM39 (AUC = 0.91) demonstrated consistent expression patterns and 
excellent diagnostic performance. Functional enrichment revealed significant involvement in apoptosis, autophagy, and signaling 
pathways. Transcription factor YY1 was identified as a key regulator in the molecular network.
Conclusion: This bioinformatic study reveals the potential role of tryptophan metabolism in OP pathogenesis and identifies DVL1 
and RBM39 as candidate diagnostic biomarkers and therapeutic targets through computational analysis. These findings are inferential 
based on transcriptomic data mining and require further validation through experimental approaches. Future studies should include 
functional characterization in cellular and animal models, prospective clinical cohort validation, and mechanistic investigations to 
confirm the diagnostic and therapeutic value of these candidates. If validated, these findings could provide a molecular foundation for 
developing non-invasive diagnostic tools and precision medicine approaches in OP management, potentially improving early detection 
and personalized treatment strategies for patients at risk of osteoporotic fractures.
Keywords: osteoporosis, tryptophan metabolism, diagnostic biomarkers, machine learning, DVL1, RBM39, Mendelian randomization

Introduction
Osteoporosis is characterized as a common systemic skeletal metabolic disease in which bone mass is reduced, bone 
microstructure is deteriorated, and bone fragility is increased, resulting in a significantly elevated fracture risk.1 With the 
acceleration of global population aging, osteoporosis has emerged as a major challenge to global public health. It is 
estimated that approximately 200 million individuals worldwide are affected by osteoporosis, with one osteoporotic 
fracture occurring every three seconds.2 In China, the prevalence of osteoporosis among the population over 50 years of 
age has been reported as 14.4% in males and 27.9% in females, with an annually increasing trend.3 Osteoporotic fractures 
not only severely impact patients’ quality of life but also impose substantial burdens on healthcare systems. The annual 
economic burden associated with osteoporosis-related fractures worldwide is estimated to exceed 100 billion US dollars.4 

The pathogenesis of osteoporosis has not been fully elucidated. Traditionally, it has been closely associated with age- 
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related bone remodeling imbalance, hormonal changes (particularly decreased estrogen levels), genetic factors, and 
lifestyle factors.5 Bone tissue is subjected to continuous remodeling processes, and the development of osteoporosis is 
primarily attributed to the disruption of the balance between osteoclast-mediated bone resorption and osteoblast-mediated 
bone formation.6 Recent studies have demonstrated complex interactions between the immune system and bone 
metabolism, termed “osteoimmunology”, an emerging field that has revealed the significant roles of immune cells and 
inflammatory factors in the pathogenesis of osteoporosis.7,8

Metabolomic studies have indicated that abnormalities in multiple metabolic pathways play important roles in 
osteoporosis pathogenesis.9 Tryptophan, as one of the essential amino acids in humans, has metabolic pathways that 
are critically involved in immune regulation, inflammatory response, neurotransmitter synthesis, and energy 
metabolism.10 Tryptophan metabolism is primarily conducted through the kynurenine pathway and the 5-hydroxytrypta
mine (5-HT) pathway, with products from both pathways being closely related to bone metabolism.11 Studies have 
suggested that indoleamine 2,3-dioxygenase (IDO), a key enzyme in the tryptophan metabolic pathway, exhibits 
important functions in bone metabolism, with its metabolite kynurenine capable of inhibiting osteoclast differentiation 
and influencing the progression of osteoporosis.12,13 Related research has revealed that increased IDO activity can 
alleviate inflammation-related bone loss by suppressing T cell activation and enhancing regulatory T cell function.14 

Additionally, 5-hydroxytryptamine (5-HT), another metabolite of tryptophan, has been confirmed to affect the balance 
between bone formation and bone resorption.15 It has been demonstrated that 5-HT produced in the intestine can reach 
bone tissue through the circulation, inhibiting osteoblast proliferation and activity, thereby resulting in decreased bone 
mass.16

Despite evidence linking individual tryptophan metabolites to bone metabolism, three critical gaps persist: (1) the 
complete tryptophan metabolic network in osteoporosis remains uncharacterized through integrated transcriptomic 
analysis;17,18 (2) causal relationships between tryptophan metabolism-related gene expression and osteoporosis risk 
have not been established using genetic instrumental variables; and (3) the multi-layered regulatory mechanisms— 
including ceRNA networks and transcriptional control—governing these genes in osteoporosis are unknown. With the 
development of high-throughput sequencing technologies and bioinformatic analysis methods, transcriptomic research 
has provided important tools for understanding the molecular mechanisms of complex diseases. Weighted gene co- 
expression network analysis (WGCNA), as a systems biology approach, can be employed to identify disease-related gene 
modules and key regulatory genes.19 Machine learning algorithms can assist in selecting biomarkers with high diagnostic 
value from numerous candidate genes.20 Recent advances in machine learning have revolutionized biomarker discovery 
in osteoporosis research.21,22 Liu et al used LASSO and Random Forest to identify CST3 as an osteoporosis biomarker 
with animal validation.23 Furthermore, Random Forest and SVM-RFE were used to identify three senescence-related 
diagnostic biomarkers (PDPK1, TRIM28, WWP1) for osteoporosis with clinical validation.24 These studies demonstrate 
that machine learning not only improves biomarker identification efficiency but also enhances the clinical translatability 
of discovered genes through rigorous feature selection and cross-validation strategies.

Mendelian Randomization (MR) is a method in which genetic variations are utilized as instrumental variables to infer 
causal relationships between exposures and outcomes.25 This approach can effectively avoid the influence of confound
ing factors and reverse causality in traditional observational studies, providing a reliable pathway for exploring causal 
relationships between gene expression and disease risk.26 Recent research using MR methods has discovered a causal 
relationship between RANKL gene expression and osteoporosis risk, providing strong support for therapeutic strategies 
targeting RANKL.27 However, MR has not been applied to examine whether genetically determined expression of 
tryptophan metabolism-related genes causally influences osteoporosis risk.

The competing endogenous RNA (ceRNA) network represents an important mechanism for non-coding RNA 
regulation of gene expression, involving interactions among long non-coding RNAs (lncRNAs), microRNAs 
(miRNAs), and messenger RNAs (mRNAs).28 Recent studies have shown that ceRNA networks play important roles 
in bone metabolism regulation.29 For example, lncRNA DANCR can regulate CTNNB1 expression by competitively 
binding miR-320a, thereby influencing osteoclast differentiation.30 However, ceRNA regulatory networks centered on 
tryptophan metabolism-related genes in osteoporosis have not been constructed or characterized.
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Based on these knowledge gaps, this study tests three core hypotheses: (1) tryptophan metabolism-related genes form 
disease-specific co-expression modules in osteoporotic bone tissue identifiable through WGCNA; (2) genetically 
determined expression of key tryptophan metabolism genes causally affects osteoporosis risk; and (3) these genes are 
regulated through multi-layered mechanisms including ceRNA networks and transcription factors. We integrated 
transcriptomic analysis, WGCNA, machine learning, and Mendelian Randomization to identify key genes, characterize 
their regulatory networks (protein-protein interaction (PPI), ceRNA, transcription factors), and establish causal relation
ships with osteoporosis risk. This approach aims to reveal tryptophan metabolism’s regulatory architecture in osteoporo
sis and identify diagnostic biomarkers and therapeutic targets.

Methods
Data Download and Preprocessing
OP-related transcriptome datasets GSE56815 (training; GPL96; PBMC; 40 OP vs 40 controls) and GSE13850 (valida
tion; GPL96; 20 OP vs 20 controls) were obtained from GEO (https://www.ncbi.nlm.nih.gov/geoprofiles/). Preprocessing 
used the R package inSilicoMerging for background correction, gene symbol harmonization, and normalization. Single- 
cell RNA-seq dataset GSE172410 (3 young control vs 3 aged OP mice; GPL21103) was also downloaded from GEO. 
A total of 4688 tryptophan metabolism-related genes were retrieved from GeneCards (Supplementary Table 1). GWAS 
summary data for OP were sourced from FinnGen R12 (finngen_R12_M13_OSTEOPOROSIS; 956 cases, 345,118 
controls), and GWAS for key gene exposures were obtained from OpenGWAS (https://opengwas.io/).

Differential Expression Analysis
Using the training set, DEGs were identified with limma. The thresholds of |log2 fold change (FC)| > 1 and P < 0.05 were 
applied. The |log2FC| > 1 threshold was chosen to identify genes with biologically meaningful expression changes 
(>2-fold difference), while P < 0.05 ensures statistical significance in detecting differential expression patterns (Adjust 
the P-values using the Benjamini-Hochberg method). A volcano plot and heatmaps of the top 15 up- and downregulated 
genes were generated to visualize expression patterns.

WGCNA
Soft-threshold power β was selected via pickSoftThreshold. An adjacency matrix and TOM were built; dynamic tree 
cutting (minimum module size = 30 to ensure modules contained sufficient genes for robust functional interpretation; cut 
height = 0.25 to balance module specificity and gene coverage) identified modules. Module eigengenes were correlated 
with OP status (Pearson, P < 0.05). Hub genes were defined by |MM| > 0.5 and |GS| > 0.5, thresholds that identify genes 
strongly connected within modules and significantly associated with the disease phenotype.

Functional Enrichment Analysis
DAVID was used for KEGG and GO (BP/CC/MF) enrichment (Fisher’s exact test, P < 0.05, FDR < 0.05). GSEA 
assessed KEGG pathway enrichment differences between OP and controls.

Key Gene Selection, Model Validation, and Enrichment
Random Forest (Gini importance; randomForest), LASSO (glmnet), and XGBoost (xgboost) were applied to candidate 
genes; intersecting genes across all three were defined as key genes. Model performance was evaluated using 5-fold 
cross-validation on the training set with mean AUC, accuracy, and F1 score as metrics. Reproducibility was ensured via 
the R package “caret” (seed=123). Hyperparameters were optimized through grid search: RF (ntree=300, min.node. 
size=2), LASSO (lambda=0.0032, 10-fold CV), and XGBoost (eta=0.1, max_depth=3, nrounds=100). Model stability 
was confirmed by permutation testing (1000 iterations; original AUC=0.78±0.03 vs permuted AUC=0.52±0.04, P<0.001) 
and minimal AUC difference (<0.05) between training and validation sets. Algorithms were implemented using 
“randomForest”, “glmnet”, and “xgboost” packages, with the intersection of screened genes defined as key genes. 
A logistic regression nomogram was constructed based on key genes, validated by calibration curves, and assessed for 

International Journal of General Medicine 2026:19                                                                             https://doi.org/10.2147/IJGM.S578987                                                                                                                                                                                                                                                                                                                                                                                                       3

Ji et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

https://www.ncbi.nlm.nih.gov/geoprofiles/
https://www.dovepress.com/article/supplementary_file/578987/ID_578987_supplementary_file.zip
https://opengwas.io/


clinical benefit via DCA. Expression differences were verified using Wilcoxon rank-sum test, diagnostic accuracy was 
evaluated by ROC analysis (AUC values), and biological functions were explored through single-gene GSEA.

Immune Infiltration Analysis
To investigate immune microenvironment characteristics in osteoporosis tissues, CIBERSORT (https://cibersort.stanford.edu/) 
and ssGSEA were employed for immune cell infiltration analysis. Expression data were uploaded to CIBERSORT, and relative 
abundances of 22 immune cell types in OP and CON groups were estimated using the LM22 matrix and visualized via bar charts 
and heatmaps. Concurrently, ssGSEA was performed using “GSVA” to calculate enrichment scores based on marker gene sets. 
Pearson correlation assessed inter-cell relationships, while Wilcoxon test compared OP vs CON differences (P < 0.05). Pearson 
and Spearman analyses evaluated correlations between key genes (DVL1, RBM39) and immune infiltration, revealing regulatory 
relationships with the immune microenvironment.

PPI, ceRNA Network Construction, and TF Prediction
STRING (minimum interaction score = 0.4) generated a PPI network; Cytoscape enabled visualization and topological 
analysis, and key sub-networks centered on key genes were extracted. miRNet predicted key gene–miRNA links and 
upstream lncRNAs to build a ceRNA network, with Cytoscape used to identify central regulators. TRRUST provided 
transcription factor enrichment (hypergeometric test, P < 0.05) to construct TF–gene regulatory networks.

scRNA-Seq Analysis
Although cross-species comparison between human bulk transcriptomics and mouse single-cell data has inherent 
limitations due to species-specific differences in bone physiology (including continuous skeletal growth in mice, absence 
of osteonal remodeling in murine cortical bone, and divergent hormonal regulation), we utilized mouse scRNA-seq 
dataset GSE172410 to explore cellular heterogeneity and key gene expression patterns at single-cell resolution, 
recognizing that findings require validation in human samples.

Seurat (v5.1.0) performed QC and normalization: cells with 200–6000 detected genes and mitochondrial content 
<15% were retained; data were LogNormalize-transformed, variable features identified, scaled (ScaleData), and reduced 
by PCA, PCA retained the top 20 principal components. Clustering parameters were set at k.param=20 and resolu
tion=0.6. Clustering used SNN and the Louvain algorithm; SingleR and literature markers aided cell-type annotation. 
Differences in cell-type proportions between OP and controls were compared, and key gene expression distributions were 
profiled at single-cell resolution.

Mendelian Randomization (MR)
Analysis followed three MR assumptions: ① IVs (SNPs) associate with exposures (DVL1, RBM39); ② IVs are 
independent of confounders; ③ IVs affect outcomes through exposures only. eQTL and osteoporosis data were processed 
using “gwasvcf”, selecting SNPs at P<0.05 as IVs. SNPs with F>10 were retained based on R2 and F-statistics. Data were 
harmonized via “gwasglue” and “TwoSampleMR”. Five methods (IVW, MR-Egger, weighted median, weighted mode, 
simple mode) were applied, prioritizing IVW. Cochran’s Q test determined model selection. MR-Egger intercept and 
MR-PRESSO assessed pleiotropy. ORs with 95% CIs were visualized via forest plots, scatter plots, and funnel plots. 
Leave-one-out analysis tested robustness. Steiger testing verified causal direction.

RT-qPCR
RT-qPCR validation using human samples was approved by the Ethics Committee of Beijing Jishuitan Hospital Guizhou 
Hospital (Approval Number: KT2024060504, Date: [2024–06-07]), and written informed consent was obtained from all 
participants. Total RNA was extracted from blood (MolPure® Blood RNA Kit), quantified by NanoDrop, and reverse- 
transcribed (PrimeScript™ RT; 37°C 15 min, 82°C 5s). qPCR (TB Green®) was run on a Gentier 96 system: 95°C 30s; 
40 cycles of 95°C 5s and 60°C 30s; followed by melt-curve analysis. Reactions (20 μL) contained 10 μL TB Green mix, 
0.4 μL each primer (0.2 μM), and 1 μL cDNA. All assays were in triplicate, and relative expression was calculated by the 
2−ΔΔCt method (primer sequences in Supplementary Table 2).
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Results
Differential Expression Analysis of Transcriptomic Data
Differential expression analysis was performed on the training set data according to screening, and a total of 2535 genes 
were significantly differentially expressed in OP group, including 1715 upregulated genes and 820 downregulated genes 
(Figure 1A). Heatmaps displayed the expression patterns of the top 15 upregulated and downregulated genes (Figure 1B).

WGCNA Analysis
To identify key modules and hub genes of OP, WGCNA analysis was performed on the training dataset. First, the optimal 
soft threshold β was calculated as 12 through pickSoftThreshold function analysis (Figure 2A and B). Based on the 
optimal soft threshold, co-expression networks were constructed and gene clustering and module identification were 
performed, dividing genes with similar expression patterns into 10 modules (Figure 2C). Subsequently, correlations 
between module eigenvectors (module eigengene, ME) were calculated. Results showed that correlation distances 
between modules were all greater than 0.25, indicating good independence between modules (Figure 2D). Correlations 
between various modules and OP clinical phenotypes were further analyzed (Figure 2E). Results showed that 2 modules 
were significantly associated with OP development and progression (P < 0.05), namely yellow and tan modules. Finally, 
457 hub genes were extracted from these 2 significantly correlated modules (|MM| > 0.5 and |GS| > 0.5), and intersected 
with previously identified DEGs to obtain 48 candidate genes (Figure 2F). These genes may play important regulatory 
roles in OP development and progression.

Functional Enrichment Analysis of Candidate Genes
GO and KEGG functional enrichment analysis was performed on the above 48 screened candidate genes, with the top 10 
pathways visualized by significance ranking. In GO enrichment analysis, these genes were mainly enriched in acute 
inflammatory response, regulation of inflammatory response, killing of cells of other organisms, regulation of neuron 
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Figure 1 Results of differential expression analysis of transcriptomic data. (A) Volcano plot of differentially expressed genes in the training dataset. Rose-colored dots 
represent upregulated genes, blue dots represent downregulated genes, and black dots represent genes without significant differences. (B) Heatmap of differentially 
expressed genes in the training dataset, showing gene expression differences between disease group and normal group samples.
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death, neuron death, acute-phase response, regulation of apoptotic process, positive regulation of apoptotic process, 
apoptotic process, and cellular response to lipopolysaccharide (Figure 3A–C). In KEGG enrichment analysis, candidate 
genes were significantly enriched in Apoptosis, Autophagy-animal, Cholinergic synapse, EGFR tyrosine kinase inhibitor 
resistance, Neuroactive ligand-receptor interaction, cAMP signaling pathway, Calcium signaling pathway, TNF signaling 
pathway, NF-kappa B signaling pathway, and PI3K-Akt signaling pathway (Figure 3D and E). These results indicate that 
tryptophan metabolism-related candidate genes may be involved in OP pathogenesis through multiple biological 
processes and signaling pathways. GSEA analysis results showed that multiple KEGG pathways were significantly 
differentially enriched between OP and CON groups, with enriched pathways including Apoptosis, Cell cycle, DNA 
replication, Mismatch repair, and Base excision repair (Figure 3F).

Key Gene Screening, Model Validation and Functional Enrichment Analysis
To identify the most important diagnostic genes, three machine learning algorithms (Random Forest, LASSO, and 
XGBoost) were applied to the 48 candidate genes. Random Forest algorithm identified 9 genes with importance scores 
greater than 1.0 (Figure 4A). LASSO regression analysis identified 8 characteristic genes at the optimal lambda value 
(Figure 4B). XGBoost algorithm ranked gene importance and identified 10 key genes (Figure 4C). Taking the intersec
tion of results from the three algorithms, 2 key genes were finally identified: DVL1 and RBM39 (Figure 4D). Based on 
these key genes, a nomogram risk prediction model was constructed (Figure 4E). Calibration curves demonstrated good 
accuracy of the nomogram prediction model (Figure 4F). Decision curve analysis (DCA) showed that the nomogram 
model had good clinical application value (Figure 4G). Through further analysis of key gene expression patterns in both 
OP and control group samples, we observed that DVL1 was significantly downregulated in the OP group while RBM39 

Figure 2 WGCNA analysis results. (A) Relationship plot between soft threshold power β and mean connectivity, used for screening the optimal soft threshold. (B) 
Relationship plot between soft threshold power β and scale-free network fit index (R2). (C) Gene module clustering dendrogram based on Dynamic Tree Cut algorithm. (D) 
Correlation heatmap between module eigengenes (ME), with color intensity representing the strength of correlations between modules. (E) Correlation heatmap between 
different modules and OP clinical phenotypes (OP group vs CON group), with colors representing correlation magnitude and P values shown in parentheses. (F) Venn 
diagram of DEGs, Hub genes, and Tryptophan Metabolism-related genes.
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was significantly upregulated, and ROC curve analysis demonstrated that both genes had good diagnostic performance in 
training and validation sets (Figure 4H and I). Single-gene GSEA functional enrichment analysis revealed the molecular 
mechanisms of the two key genes. DVL1 mainly upregulated hormone signaling pathways (such as estrogen signaling, 
parathyroid hormone synthesis, etc) and downregulated immune response-related pathways (such as autoimmune thyroid 
diseases, antigen processing and presentation, etc) (Figure 4J); while RBM39 mainly upregulated RNA metabolism and 
protein synthesis pathways (such as spliceosome, ribosome biogenesis in eukaryotes, etc) and downregulated tumor and 
inflammation-related pathways (Figure 4K). These results indicate that the two key genes participate in the pathogenesis 
of osteoporosis through different molecular mechanisms, providing important molecular basis for understanding its 
pathological mechanisms and developing therapeutic strategies.

Immune Infiltration Analysis
To elucidate immune microenvironment characteristics in osteoporosis tissues, CIBERSORT and ssGSEA analyzed immune cell 
infiltration in the training set. CIBERSORT identified 22 immune cell types in OP and CON samples, visualized via bar charts 
and heatmaps (Figure 5A). Correlation analysis showed strongest positive correlation between Mast cells resting and Eosinophils 
(r = 0.502, P < 0.05), and strongest negative correlation between T cells CD4 memory resting and T cells CD8 (r = −0.711, P < 
0.05) (Figure 5B). T cells CD4 memory activated were significantly upregulated in OP (P < 0.05), while Monocytes, Eosinophils, 
and NK cells resting showed no significant differences (Figure 5C). DVL1 negatively correlated with T cells CD4 memory 
resting and Eosinophils; RBM39 positively correlated with B cells memory and Macrophages M2, negatively with T cells CD8 
and Macrophages M0 (Figure 5D). Notably, the positive correlation between RBM39 and macrophages M2 warrants careful 
interpretation, as it may reflect maladaptive compensatory responses, context-dependent M2 dysfunction, or pathological 

Figure 3 GO and KEGG functional enrichment analysis of candidate genes. (A and B) GO terms enriched by candidate genes for BP (A) and CC (B). (C) Bubble plot of 
GO-MF and KEGG pathway enrichment, with bubble size representing gene count, color indicating adjusted P-value, and the x-axis showing gene ratio. (D) Bar plot of 
significant KEGG pathways. (E) Chord diagram illustrating the relationships between candidate genes and their associated enriched functional pathways. (F) GSEA running 
enrichment score curves, with the x-axis representing the ranked gene list and the y-axis representing the running enrichment score (ES); vertical lines indicate the positions 
of gene set members in the ranked list.
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Figure 4 Key gene screening through machine learning algorithms. (A) Importance ranking plot of candidate genes by XGBoost algorithm. (B) LASSO regression model 
path plot showing the trend of gene coefficients with penalty parameter λ changes. (C) Importance ranking plot of candidate genes by Random Forest algorithm, with genes 
sorted by mean squared error increase percentage (MSE Increase %). (D) Venn diagram showing the intersection of feature genes screened by three machine learning 
algorithms (XGBoost, LASSO, and RF). (E) Nomogram risk prediction model based on key genes (DVL1 and RBM39). (F) Calibration curve for evaluating the accuracy of 
the nomogram prediction model. (G) Decision curve analysis (DCA) evaluating the clinical application value of the nomogram model. (H) Wilcoxon rank-sum test analysis of 
key genes DVL1 and RBM39 expression patterns in the training set; receiver operating characteristic (ROC) curve analysis of key genes DVL1 and RBM39 in the training set. 
(I) Wilcoxon rank-sum test analysis of key genes DVL1 and RBM39 expression patterns in the validation set; receiver operating characteristic (ROC) curve analysis of key 
genes DVL1 and RBM39 in the validation set. (J and K) GSEA enrichment analysis of DVL1 and RBM39 genes.
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polarization rather than protective mechanisms. ssGSEA results were highly consistent with CIBERSORT (Figure 5E and F), 
validating T cells CD4 memory activated upregulation in OP (P < 0.05) and DVL1/RBM39 correlation patterns.

PPI and ceRNA Network Construction and TF Prediction
To explore regulatory mechanisms of key genes in OP development and progression, analysis was performed from three 
aspects: protein-protein interactions, ceRNA regulation, and transcription factor regulation. The PPI network contained 

Figure 5 Immune infiltration analysis. (A) Bar chart of immune cell subpopulation proportions. (B) Correlation heatmap between immune cell subpopulations. Red indicates 
positive correlation, blue indicates negative correlation. (C) Cell differences between OP group and CON group. (D) Correlations between key genes DVL1 and RBM39 and 
immune cells. Red indicates positive correlation, blue indicates negative correlation, *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001. (E) Heatmap of immune cell 
enrichment scores analyzed by ssGSEA algorithm in OP and CON group samples; (F) Spearman correlation heatmap and clustering analysis between key genes DVL1 and 
RBM39 expression levels and immune cell enrichment scores.

International Journal of General Medicine 2026:19                                                                             https://doi.org/10.2147/IJGM.S578987                                                                                                                                                                                                                                                                                                                                                                                                       9

Ji et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



202 interaction relationships between 43 genes (Figure 6A). Additionally, PPI networks centered on key genes were 
constructed to explore regulatory effects of key genes on other candidate genes. Results showed that key genes had direct 
interaction relationships with HSPB, BOP1, HRAS, DSPP, and BCL2 genes (Figure 6B).

To explore molecular regulatory mechanisms of key genes, key gene-related miRNAs were predicted using the 
miRNet database, and upstream lncRNAs were predicted based on miRNAs. The two prediction results were then 
merged and visualized. The ceRNA network visualization showed a total of 2 key mRNAs, 86 miRNAs, 21 lncRNAs and 

Figure 6 Network regulatory mechanisms of key genes. (A) PPI network of candidate genes. Darker colors indicate higher Degree values of genes in the PPI network. (B) 
PPI network related to key genes. Rose-colored nodes represent key genes, purple nodes represent genes interacting with key genes. (C) ceRNA network construction. 
Pink nodes represent lncRNAs, yellow nodes represent miRNAs, red nodes represent mRNAs. (D) Transcription factor prediction. Purple nodes represent transcription 
factors, yellow nodes represent key genes.
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705 interaction relationships. Among them, with NEAT1, XIST, and KCNQ1OT1 were lncRNAs with the highest Degree 
values in the ceRNA network; hsa-let-7b-5p, hsa-let-7e-5p, hsa-let-7f-5p, and hsa-let-7g-5p were miRNAs with the 
highest Degree values in the ceRNA network; RBM39 and DVL1 were mRNAs with the highest Degree values in the 
ceRNA network, with mutual regulatory relationships between them (Figure 6C), suggesting that these lncRNAs and 
miRNAs in ceRNA network mechanisms may influence OP disease processes by regulating key gene expression.

Next, transcription factor enrichment analysis was performed on the 2 key genes. Results showed that a total of 14 
potential transcription factor binding sites were significantly enriched in key gene promoter regions. PDX1, GATA2, 
PPARG, FOXI1, JUN, PRRX2, and YY1 were transcription factors for RBM39; YY1, HINFP, E2F1, NRF1, EGR1, 
TFAP2A, SP1, and E2F6 were transcription factors for DVL1, with YY1 being a common transcription factor for both 
key genes DVL1 and RBM39, suggesting that these transcription factors may play important roles in regulating key gene 
transcriptional expression (Figure 6D).

scRNA-Seq Single-Cell Sequencing Analysis Reveals Cellular Heterogeneity and Key 
Gene Expression Patterns
Based on single-cell sequencing data, comprehensive single-cell analysis was performed on OP and CON group samples. 
Quality control results showed screening of high-quality cells based on gene detection numbers, expression abundances, 
and mitochondrial genes (Figure 7A). Dimensionality reduction visualization results indicated that different samples 
presented clear distribution patterns in t-SNE and UMAP spaces, with samples showing both similarities and maintaining 
individual characteristics, providing good resolution for cell subpopulation identification (Figure 7B). Clustering analysis 
successfully identified 11 cell clusters with different transcriptomic characteristics (Figure 7C). Based on marker gene 
expression profile analysis of each cell cluster, molecular characteristics of each cluster were systematically analyzed, 
revealing significantly different gene expression patterns between clusters (Figure 7D). Combined with known cell type- 
specific marker genes, 9 major cell types were successfully identified and annotated, including Myonuclei, Endothelial 
cells, Macrophages, Neuron cells, Pericytes, Satellite cells, Tenocytes, Fibro/adipogenic progenitors (FAPs), and 
Neutrophils, which have different biological functions in tissues (Figure 7E). Marker gene expression analysis further 
validated the accuracy of cell type identification (Figure 7F). Intergroup comparison analysis revealed significant 
differences in cellular composition between OP and CON groups, finding obvious changes in proportions of multiple 
cell types (FAPs, Tenocytes, Satellite cells) between groups, and such changes in cellular composition may be closely 
related to relevant pathophysiological processes (Figure 7G). Intercellular communication network analysis showed that 
endothelial cells exhibited extremely active communication characteristics with many other types of cells (Figure 7H). 
Furthermore, expression distributions of key genes DVL1 and RBM39 were analyzed at the single-cell level. Results 
showed that DVL1 gene was significantly downregulated in the OP group, while RBM39 gene was significantly 
upregulated in the OP group, suggesting that these two genes participate in OP pathological processes through different 
expression patterns, completely consistent with expression trends in transcriptomic data (Figure 7I).

MR Validation
DVL1 and RBM39 eQTL data were used as exposure factors, with OP as the outcome; five algorithms were combined 
for MR analysis (Inverse variance weighted test, MR-Egger, weighted median, Simple mode, simple median). Results 
were mainly referenced from IVW, with reference to subsequent heterogeneity analysis results of Cochran Q assessment; 
random-effects IVW was used when heterogeneity existed, and fixed-effects IVW was used when no heterogeneity 
existed.

F statistics of SNPs used for exposure factors were all greater than 10, indicating effective avoidance of bias from 
weak instrumental variables; when OP served as outcomes, 28 SNPs were used as instrumental variables for DVL1 and 
RBM39 factors in MR analysis. MR results for DVL1 and RBM39 factors are shown in Supplementary Figure 1, where 
based on the IVW method, DVL1 gene expression level was negatively correlated with OP risk (OR=0.94, 95% CI: 
0.80–1.10, P = 0.44), while RBM39 was positively correlated with OP risk (OR=1.22, 95% CI: 1.10–1.36, P < 0.05). 
Furthermore, correlations between exposure factors and outcomes were assessed; when intercepts existed, confounding 
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factors were indicated. As shown in Supplementary Figure 1A, with continued focus on the Inverse variance weighted 
method, factor intercepts were small, indicating minimal influence of confounding factors without affecting result 
reliability; DVL1 line slope was negative, indicating a protective factor; RBM39 line slope was positive, indicating 
a risk factor. For randomness assessment, if samples were distributed roughly symmetrically along both sides of the IVW 
line, MR conformed to Mendel’s second law of random grouping (Supplementary Figure 1B). Furthermore, for assessing 
diagnostic efficacy of various SNP sites in predicting exposure factors for outcomes, solid points on the left indicated 
reduction, while solid points on the right indicated increase. DVL1 was on the left side of the reference line, indicating 
a protective factor; RBM39 was on the right side of the reference line, indicating a risk factor (Supplementary 
Figure 1C).

To assess analysis result reliability, three analyses were performed including heterogeneity tests, horizontal pleiotropy 
tests, and leave-one-out analysis. First, heterogeneity tests were performed; if P values analyzed by heterogeneity tests 
were less than 0.05, heterogeneity existed; as shown in Supplementary Table 3, DVL1 and RBM39 showed no 
heterogeneity (P > 0.05). Second, horizontal pleiotropy tests were performed: if exposure factor P values were greater 
than 0.05, no horizontal pleiotropy existed; otherwise, horizontal existed, as shown in Supplementary Table 4. The results 
showed that DVL1 exhibited evidence of horizontal pleiotropy (P = 0.03 < 0.05), while RBM39 showed no horizontal 

Figure 7 Single-cell RNA sequencing analysis reveals tissue cellular heterogeneity and intercellular communication networks. (A) Quality control indicator distribution plots 
showing the distribution characteristics of nFeature_RNA, nCount_RNA, and mitochondrial gene expression proportion (percent.mt) in filtered cells. (B) Sample distribution 
visualization: left panel shows t-SNE analysis displaying spatial distribution of different samples, right panel shows UMAP analysis demonstrating overall sample distribution patterns. 
(C) Cell clustering results based on UMAP algorithm, dividing cells into 11 different cell clusters (0–10). (D) Heatmap of marker gene expression for each cell cluster, showing 
molecular characteristics of different clusters. (E) Cell type annotation results showing spatial distribution of 9 major cell types. (F) Cell type-specific marker gene expression dot 
plot, with bubble size representing expression proportion and color intensity representing average expression level. (G) Stacked bar chart comparing cell type proportions between 
OP group and CON group. (H and I) Intercellular communication analysis network plots: (H) shows intercellular communication numbers, (I) Shows communication intensity, with 
line thickness and color intensity representing communication strength. (J) Dvl1 and Rbm39 gene expression distribution plot in single cells, ***P < 0.0001.
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pleiotropy (P = 0.25 > 0.05). Additionally, MR-PRESSO was also used for horizontal pleiotropy testing. As shown in 
Supplementary Table 5, the Global test for DVL1 showed P = 0.45 > 0.05, indicating no outlier SNPs detected by MR- 
PRESSO; in contrast, RBM39’s Global test showed P < 0.05, suggesting the presence of potential outlier SNPs. 
However, comprehensive sensitivity analyses demonstrated the robustness of the causal relationship for RBM39: (1) 
leave-one-out analysis showed that no individual SNP had a substantial impact on the causal estimate (Supplementary 
Figure 1D); (2) MR-Egger intercept test showed no evidence of systematic horizontal pleiotropy (P = 0.25 > 0.05, 
Supplementary Table 4); and (3) heterogeneity test indicated consistent causal estimates across instrumental variables (P 
> 0.05, Supplementary Table 3). These findings collectively support the reliability of the causal relationship between 
RBM39 and osteoporosis. In contrast, DVL1 showed evidence of systematic pleiotropy in MR-Egger intercept test (P = 
0.03 < 0.05, Supplementary Table 4), though MR-PRESSO analysis showed no outliers (P = 0.45 > 0.05, Supplementary 
Table 5). The discrepancy between MR-Egger (detecting pleiotropy) and MR-PRESSO (not detecting outliers) for DVL1 
suggests that while horizontal pleiotropy exists, it may not be driven by outlier SNPs but rather reflects DVL1’s 
biological complexity as a hub gene in Wnt signaling. This warrants cautious interpretation of its causal effect and 
highlights the importance of triangulating evidence across multiple sensitivity tests. Finally, Leave-one-out analysis was 
performed, showing reliable results with no individual SNP having significant impact on outcomes (Supplementary 
Figure 1D). The potential for reverse causality in the research process was considered. Reverse Mendelian randomization 
analysis yielded non-significant results (P > 0.05) (Supplementary Table 6). Additionally, the Steiger directionality test 
was applied to validate the correctness of the causal direction between exposure and outcome, confirming correct 
directionality (P < 0.05) (Supplementary Table 7). The reverse causal effect of osteoporosis on gene expression was 
thus excluded, and a unidirectional causal relationship was established with no evidence of bidirectionality.

RT-qPCR
RT-qPCR analysis revealed significant differential mRNA expression between CON and OP groups. DVL1 mRNA levels 
were significantly downregulated in OP group compared to CON group (P < 0.001), while RBM39 mRNA levels were 
significantly upregulated (P < 0.001) (Figure 8A and B). These findings confirmed that the identified key genes exhibit 
concordant changes at transcriptional levels in OP pathogenesis.

Discussion
This study systematically explored the key molecular mechanisms of tryptophan metabolism in the development and 
progression of osteoporosis through integrating transcriptomics, MR, and machine learning algorithms. The results 
demonstrated that DVL1 and RBM39, as core regulatory genes related to tryptophan metabolism, participate in the 
pathological processes of osteoporosis through complex molecular networks, providing new insights into the in-depth 
understanding of this disease’s pathogenesis.

Figure 8 RT-qPCR detection of key gene expression levels. (A and B) Relative mRNA expression levels of DVL1 (A) and RBM39 (B) in OP and CON groups, as determined 
by RT-qPCR. Data are presented as mean ± SD (n = 5 per group). Individual data points represent biological replicates. Statistical significance was determined by unpaired 
Student’s t-test. ****P < 0.0001.
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Dishevelled-1 (DVL1), as a key component of the Wnt signaling pathway, controls cell proliferation, survival, and 
differentiation during development.31 The Wnt/β-catenin signaling pathway is widely recognized as one of the core 
pathways regulating bone formation and bone metabolism.32,33 Subsequent extensive studies have further confirmed the 
crucial role of this pathway in adult bone remodeling and its potential as a therapeutic target for osteoporosis.34,35 

Additionally, activation of the Wnt signaling pathway during bone metastasis can promote cell proliferation, induce 
epithelial-mesenchymal transition, regulate extracellular matrix remodeling, stimulate angiogenesis and immune escape 
mechanisms, thereby enabling tumor cells to successfully colonize and continue growing in the bone tissue 
environment.36 DVL1, as a core protein for intracellular signal transduction, exhibited a significantly downregulated 
expression pattern in this study, which has important biological significance. The decrease in its expression level may 
directly affect the transmission efficiency of Wnt signaling, resulting in weakened osteoblast differentiation and reduced 
bone formation capacity. Single-gene GSEA in this study showed that DVL1 mainly regulates hormone signaling 
pathways, particularly estrogen and parathyroid hormone-related pathways. This finding is highly consistent with clinical 
observations that postmenopausal women become a high-risk population for osteoporosis due to decreased estrogen 
levels.37 Meanwhile, estrogen deficiency can increase fracture incidence.38 Recent molecular mechanism studies have 
shown that estrogen can regulate Wnt signaling activity through multiple pathways.39 The downregulation of DVL1 
expression may disrupt this delicate hormonal regulatory balance, leading to bone metabolism tilting toward bone 
resorption.

As an important member of the RNA-binding protein family, RNA Binding Motif Protein 39 (RBM39) mainly 
participates in post-transcriptional regulatory processes, including pre-mRNA splicing, mRNA stability regulation, and 
translational control.40 RBM39 is an important component of the spliceosome, and its abnormal expression may lead to 
widespread alternative splicing abnormalities, thereby affecting fundamental cellular biological functions.41 RBM39 is 
dysregulated in many cancers, and its upregulation can enhance cancer cell proliferation.42,43 In this study, RBM39 
showed significantly upregulated expression, providing a new perspective for understanding the molecular mechanisms 
of osteoporosis. GSEA analysis in this study showed that RBM39 mainly upregulates RNA metabolism and protein 
synthesis-related pathways, including spliceosome and ribosome biogenesis. This finding echoes recent research on the 
role of RNA metabolism in bone diseases. Studies have found that abnormal alternative splicing is a common feature of 
various bone diseases, particularly affecting the correct expression and modification of bone matrix proteins.44 In 
osteoporosis, overexpression of RBM39 may lead to abnormal splicing of key bone metabolism-related genes, thereby 
affecting protein function and stability. In summary, the downregulated expression of DVL1 may weaken bone formation 
capacity by inhibiting the Wnt signaling pathway and hormonal regulatory networks, while the upregulated expression of 
RBM39 may disrupt the fine regulation of bone metabolism by interfering with RNA metabolism and protein synthesis 
processes. These two factors may synergistically contribute to the occurrence and development of osteoporosis. An 
important consideration is that while our study began with a tryptophan metabolism gene set, the ultimately identified 
key genes—DVL1 (Wnt pathway component) and RBM39 (RNA splicing regulator)—are not classic tryptophan 
metabolic enzymes such as IDO, TDO, or kynurenine pathway enzymes. This apparent disconnect requires careful 
interpretation. We propose that DVL1 and RBM39 may represent indirect regulatory nodes linking tryptophan metabo
lism to bone homeostasis through several potential mechanisms: (1) Tryptophan metabolites (particularly kynurenine 
pathway products) can modulate Wnt signaling, and DVL1 as a key Wnt pathway component may mediate these effects 
on osteoblast differentiation; (2) RBM39, as an RNA splicing factor, may regulate alternative splicing of genes encoding 
tryptophan metabolic enzymes or their downstream effectors, thereby indirectly controlling metabolic flux; (3) Both 
genes may be co-regulated with tryptophan metabolic genes within broader transcriptional programs governing immune- 
metabolic homeostasis in osteoporosis. However, we acknowledge that the mechanistic links between DVL1/RBM39 and 
tryptophan metabolism remain speculative based on current data. Future research should employ targeted approaches 
including: (1) metabolomics analysis to determine whether DVL1/RBM39 expression correlates with tryptophan 
metabolite profiles; (2) functional experiments examining whether tryptophan metabolites regulate DVL1/RBM39 
expression or vice versa; (3) investigation of whether DVL1/RBM39 modulation affects expression or activity of core 
tryptophan metabolic enzymes. Until such mechanistic studies are completed, our findings should be interpreted as 
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identifying potential regulatory genes associated with a tryptophan metabolism gene signature in osteoporosis, rather than 
demonstrating direct participation in tryptophan metabolic pathways.

The lncRNAs and miRNAs, as important epigenetic regulatory factors, play crucial regulatory roles in the pathogen
esis of osteoporosis. Nuclear Enriched Abundant Transcript 1 (NEAT1), as a nuclear-enriched long non-coding RNA, has 
been recently discovered to have important functions in bone metabolism regulation. Studies have shown that NEAT1 
can regulate the expression of osteoblast differentiation-related genes through ceRNA mechanisms, and its abnormal 
expression is closely related to the occurrence of osteoporosis.45 X–inactive specific transcript (XIST), as a key 
regulatory factor for X-chromosome inactivation, can significantly inhibit osteoblast differentiation in bone marrow 
mesenchymal stem cells.46,47 KCNQ1 opposite strand/antisense transcript 1 (KCNQ1OT1), as an antisense transcript of 
the imprinted gene KCNQ1, plays an important role in bone development and bone homeostasis maintenance. 
KCNQ1OT1 can enhance osteoblast proliferation and differentiation capacity by inhibiting miR-205-5p to promote 
RICTOR expression.48 In postmenopausal osteoporosis patients, dysregulated expression of KCNQ1OT1 may lead to 
disruption of the osteoblast/osteoclast balance, thereby accelerating bone loss.49 The let-7 family, as classic tumor 
suppressor miRNAs, also has important significance in bone metabolism regulation. In the pathological process of 
osteoporosis, the let-7 family can weaken osteoblast differentiation capacity, leading to bone metabolism tilting toward 
bone resorption.50 Transcription factor enrichment analysis identified Yin Yang-1 (YY1) as a common regulatory factor 
for DVL1 and RBM39, which is of significant importance. YY1, as an important transcriptional regulatory factor, exerts 
bone protective effects in postmenopausal osteoporosis by regulating the YY1/TGFβ1 signaling axis. Studies have shown 
that upregulation of YY1 expression can inhibit osteoblast ferroptosis, promote osteoblast viability and mineralization 
function, while coordinately regulating the expression of key osteogenic differentiation factors such as Runx2 and 
BMP2.51 From a therapeutic perspective, the regulatory networks identified in this study suggest potential intervention 
targets. The YY1-RBM39 regulatory axis, in particular, represents a promising avenue for drug development. Modulating 
YY1 transcriptional activity or RBM39 splicing function could potentially influence tryptophan metabolism pathways 
and bone homeostasis. Additionally, the Wnt signaling pathway involvement through DVL1 suggests that existing Wnt- 
targeted therapies might be repurposed or optimized based on tryptophan metabolic status. However, these therapeutic 
implications require extensive preclinical validation before clinical translation.

Immune infiltration analysis revealed significant upregulation of CD4+ memory activated T cells in osteoporosis 
patients, and significant correlations between multiple cell subpopulations and key genes, which may play important 
regulatory roles in the pathogenesis of osteoporosis. Studies have shown that CD4+ T cells can directly affect osteoclast 
and osteoblast functions by secreting cytokines.52 Activated CD4+ memory T cells mainly secrete pro-inflammatory 
cytokines such as tumor necrosis factor-α (TNF-α), interleukin-17 (IL-17), and receptor activator of nuclear factor kappa- 
Β ligand (RANKL), which can promote osteoclast differentiation and bone resorption activity.53 The findings of this 
study are highly consistent with this mechanism, suggesting their role in promoting bone destruction in osteoporosis 
progression. Conversely, CD8+ T cells usually exert bone protective effects by secreting anti-inflammatory factors and 
inhibiting osteoclast activity to maintain bone homeostasis.54 M2-type macrophages are generally considered to have 
anti-inflammatory and tissue repair functions, promoting osteoblast differentiation and bone formation during normal 
bone remodeling.55 This study found positive correlations between RBM39 and both M2 macrophages and memory 
B cells. The RBM39-M2 association requires careful interpretation: while M2 macrophages typically exert bone- 
protective functions through IL-10 and TGF-β secretion, their co-elevation with RBM39 may reflect (1) maladaptive 
compensation with functional exhaustion, (2) context-dependent pro-fibrotic dysfunction, or (3) RBM39-driven patho
logical polarization rather than protective responses. Similarly, the positive correlation between memory B cells and 
RBM39 may reflect compensatory changes in B cell function, as studies have found significant B-cell dysfunction in 
postmenopausal osteoporosis patients leading to increased bone resorption.56 These findings highlight the importance of 
distinguishing correlation from causation in immune-metabolic interactions. Future mechanistic validation through 
functional assays and conditional knockout models is essential to determine whether these associations represent 
therapeutic targets versus reactive biomarkers.

Despite inherent limitations of using mouse models—including species differences in skeletal growth patterns, 
cortical bone remodeling mechanisms, and hormonal profiles compared to humans—single-cell transcriptomic analysis 
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provided valuable insights into cellular heterogeneity. Single-cell transcriptomic analysis revealed that multiple cell 
subpopulations play complex and precise regulatory roles in the pathogenesis of osteoporosis. Endothelial cells play 
a central role in bone-vascular coupling, and their functional abnormalities directly affect bone remodeling processes. 
Studies have found that endothelial cells regulate osteoblast proliferation and differentiation by secreting vascular 
endothelial growth factor (VEGF). Furthermore, the decline in endothelial cell function leads to decreased bone 
vascularization, thereby affecting the supply of nutrients and oxygen and accelerating bone loss in osteoporosis.57 

Notably, the active communication characteristics exhibited by endothelial cells in the cell-cell communication network 
found in this study further confirm the central position of the vascular system in the bone microenvironment. Endothelial 
cells not only affect adjacent bone cells through direct paracrine signals but may also indirectly affect the metabolic 
status of the entire bone microenvironment by regulating local oxygen and nutrient supply.58 The dysfunction of this 
complex cell-cell interaction network may be a key link in the pathogenesis of osteoporosis, providing an important 
cellular basis for understanding the systemic characteristics of this disease.

This study confirmed the key roles of DVL1 and RBM39 in osteoporosis through multiple levels of validation 
strategies. MR analysis provided strong causal evidence, showing that DVL1 expression levels were negatively 
correlated with osteoporosis risk (OR=0.94), while RBM39 was positively correlated (OR=1.22). The sensitivity 
analyses revealed different patterns of evidence strength for the two MR-identified genes. DVL1 showed no outlier 
SNPs in MR-PRESSO but exhibited systematic horizontal pleiotropy in MR-Egger intercept test. In contrast, RBM39’s 
MR-PRESSO detected potential outliers, yet demonstrated no systematic pleiotropy in MR-Egger and maintained stable 
estimates in leave-one-out analysis. For RBM39, the discordance between MR-PRESSO and MR-Egger suggests that 
individual SNP deviations do not introduce systematic bias through pleiotropic pathways. Combined with the absence of 
heterogeneity, significant IVW result, and correct causal directionality in Steiger test, these findings support a robust 
causal relationship. This is further strengthened by RBM39’s direct involvement in bone metabolism through regulating 
alternative splicing of osteogenic genes and bone matrix proteins. For DVL1, the systematic pleiotropy detected by MR- 
Egger, despite the absence of outliers in MR-PRESSO, suggests that its pleiotropic effects may reflect its biological role 
as a central hub in Wnt signaling regulating multiple cellular processes. The non-significant IVW result further limits the 
strength of causal inference. This qualitative difference underscores the importance of triangulating evidence from 
multiple sensitivity analyses. Based on comprehensive evaluation, RBM39 provides more robust causal evidence and 
was therefore prioritized for experimental validation. RT-qPCR experimental validation further confirmed the reliability 
of transcriptomic analysis results, with RBM39 significantly upregulated and DVL1 significantly downregulated in 
osteoporosis patients, completely consistent with bioinformatics analysis results. Single-cell transcriptomic analysis 
further validated the differential expression patterns of these genes at the cell subpopulation level, revealing their 
specific expression changes in different bone cell types. This multi-dimensional validation strategy from population 
genetics, tissue transcriptomics to single-cell levels not only ensures the scientific rigor of research results but also 
provides a solid experimental foundation for the clinical translational application of DVL1 and RBM39 as potential 
therapeutic targets and biomarkers for osteoporosis. However, the diagnostic model based on DVL1 and RBM39 showed 
moderate performance (AUC > 0.6), though direct comparison with traditional imaging methods or bone turnover 
markers requires prospective clinical studies.

Currently, dual-energy X-ray absorptiometry (DXA) remains the gold standard for osteoporosis diagnosis; however, 
DXA primarily captures static bone mineral density and cannot reflect dynamic molecular changes underlying early-stage 
bone metabolic dysregulation. In contrast, peripheral blood mRNA expression levels of DVL1 and RBM39 may serve as 
complementary indicators, potentially enabling detection of pathological processes before clinically significant bone loss 
becomes apparent on DXA.

The clinical feasibility of DVL1 and RBM39 as biomarkers requires evaluation across technical, population, and 
economic dimensions. Both genes can be quantified via standard RT-qPCR from peripheral blood mononuclear cells, 
offering advantages over invasive bone biopsies. RNA stabilization systems (PAXgene, Tempus) ensure sample integrity 
during collection and transport, facilitating multi-center studies. However, validation across diverse populations with 
varying ethnic backgrounds, comorbidities, and medication histories remains essential, as current transcriptomic datasets 
primarily represent limited demographic groups and exhibit racial disparities in screening and diagnosis. Large-scale 
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prospective studies with longitudinal follow-up are needed to establish standardized cutoff values and sensitivity/ 
specificity thresholds. Cost-effectiveness analyses comparing molecular biomarker panels with current diagnostic 
standards are crucial for healthcare system adoption, though early evidence suggests molecular markers may enhance 
fracture risk assessment tools like FRAX, particularly for early-stage high-risk identification.

Although this study provided new insights into understanding the molecular mechanisms of osteoporosis through 
multi-level bioinformatics analysis, some limitations still exist. The use of mouse-derived single-cell RNA-sequencing 
data (GSE172410) introduces significant translational limitations. While this dataset provides insights into cell type- 
specific expression patterns, direct extrapolation to human bone biology is problematic due to fundamental species 
differences in skeletal physiology, bone cell biology, and regulatory mechanisms. Furthermore, this dataset originates 
from normal mouse skeletal tissue rather than an osteoporosis model, limiting its relevance to disease pathogenesis. The 
identification of cell types such as myonuclei and tenocytes reflects the anatomical sampling (femur and tibia with 
associated soft tissues) but does not represent typical human PBMC or bone marrow cell populations analyzed in the bulk 
transcriptomic studies. Ideally, validation should employ human bone tissue single-cell RNA-sequencing from osteo
porosis patients and matched controls, which would enable direct assessment of DVL1 and RBM39 expression in human 
osteoblasts, osteoclasts, osteocytes, and bone marrow stromal cells. Such data would provide definitive evidence 
regarding cell type-specific roles of these genes in human osteoporosis pathogenesis. Critically, the core transcriptomic 
data (GSE56815) derives from peripheral blood mononuclear cells (PBMCs) rather than bone tissue. While PBMC gene 
expression may reflect systemic immune-metabolic status, it cannot be directly equated with molecular events in the bone 
microenvironment. Therefore, extrapolation of conclusions requires caution, and validation in bone tissue samples is 
essential. First, transcriptomic data can only reflect changes in gene expression levels, while changes in protein levels and 
functional activities require further research. Second, single-cell data came from mouse models, and their applicability in 
humans needs further validation. Third, modest sample sizes limit statistical power and generalizability. Cross-species 
comparison between human bulk and mouse single-cell transcriptomics introduces inherent limitations, as mice exhibit 
continuous skeletal growth, lack osteonal remodeling in cortical bone, and possess different hormonal profiles compared 
to humans. These species-specific differences in bone metabolism, cellular composition, and regulatory networks may 
affect the translatability of molecular mechanisms. Reliance on publicly available datasets restricts control over experi
mental variables, tissue processing protocols, and clinical phenotyping depth. These limitations necessitate large-scale, 
prospectively designed human studies with matched bulk and single-cell transcriptomic profiling from the same 
individuals, and validation across diverse populations and osteoporosis subtypes (postmenopausal, senile, secondary).

Future research can validate the specific functions of DVL1 and RBM39 in bone metabolism regulation through 
in vitro cell experiments and in vivo animal models; second, conduct large-scale prospective cohort studies to validate the 
clinical diagnostic value of these biomarkers; third, develop a translational pathway for therapeutic interventions by: (1) 
screening and optimizing small molecule modulators targeting DVL1 upregulation or RBM39 inhibition through high- 
throughput drug screening platforms; (2) designing gene therapy strategies such as adeno-associated virus (AAV)- 
mediated DVL1 overexpression or CRISPR-based RBM39 knockdown in preclinical models; (3) engineering mesench
ymal stem cells or osteoblast precursors with modified DVL1/RBM39 expression for autologous cell therapy; (4) 
conducting pharmacokinetics, toxicology, and efficacy studies in animal models to establish dose-response relationships 
and safety profiles; (5) progressing promising candidates through Phase I/II clinical trials to assess safety, tolerability, and 
preliminary efficacy in osteoporosis patients; finally, combine multi-omics data (proteomics, metabolomics, etc) to 
further improve the molecular atlas of osteoporosis and identify synergistic therapeutic targets that can enhance treatment 
efficacy when combined with DVL1/RBM39-based interventions.

Conclusion
This study systematically elucidated the mechanisms of tryptophan metabolism in osteoporosis, identifying DVL1 and 
RBM39 as key regulatory genes with potential as diagnostic biomarkers and therapeutic targets. DVL1 and RBM39 offer 
multiple therapeutic opportunities including direct molecular targeting through small molecule modulators or biologics, 
metabolic intervention via tryptophan pathway regulation, personalized treatment guided by expression profiling for 
patient stratification and treatment prediction, drug repurposing of existing compounds, and early prevention through risk 
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identification before significant bone loss occurs. These findings provide a molecular foundation for precision diagnosis 
and individualized treatment of osteoporosis. Future validation should include functional characterization through 
experimental models, prospective clinical cohort studies, and development of targeted therapeutic strategies. Current 
limitations include reliance on publicly available datasets and incomplete mechanistic understanding. Integrating multi- 
omics data and conducting mechanistic studies will further advance effective diagnostic and therapeutic strategies for 
osteoporosis.
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