
O R I G I N A L  R E S E A R C H

The Role of Vitamin D Metabolism-Related Genes 
in Recurrent Pregnancy Loss and Their Immune 
Microenvironmental Changes
Jiangmei He, Hongmei Liu, Jingru Ji

Department of Eugenics and Genetics, First Hospital of Shanxi Medical University, Taiyuan City, Shanxi Province, People’s Republic of China

Correspondence: Jiangmei He, Email acc0351@163.com

Purpose: The importance of vitamin D metabolism has been confirmed in various pregnancy complications. It is unknown, 
henceforth how vitamin D metabolism contributes to the occurrence of recurrent pregnancy loss (RPL). This study aimed to elucidate 
its potential mechanisms through bioinformatics analysis.
Methods: Weighted Gene Co-expression Network Analysis (WGCNA) was used to identify module genes linked to vitamin 
D metabolism after transcriptome datasets were examined to identify differentially expressed genes (DEGs). Machine learning was 
utilized to refine and identify candidate biomarkers, while Mendelian randomization (MR) assessed their causal relationships with 
RPL. In addition, the expression was further verified by RT-qPCR and Western blotting. Finally, scRNA-seq uncovered cellular 
heterogeneity and intercellular communication networks.
Results: We identified 379 DEGs in RPL samples. WGCNA revealed two key modules strongly correlated with vitamin 
D metabolism. The intersection of DEGs and key module genes yielded 27 candidate genes related to vitamin D metabolism. 
Machine learning identified DOCK11 and ETV2 as biomarkers, showing consistent expression trends across training and validation 
sets, both demonstrating AUC values greater than 0.7 in ROC analysis. Functional enrichment analysis indicated that DOCK11 and 
ETV2 were co-enriched in the pathways of inflammatory responses, interferon gamma response, and TNAF signaling via NFKB. 
Experimental validation yielded the same results. Single-cell analysis revealed 16 distinct cellular clusters with significant enrichment 
of DOCK11 and ETV2 in Natural Killer cells, highlighting altered immune interactions in RPL through enhanced signaling from NK 
cells and cytotoxic CD8+ T cells while reducing signals from macrophages.
Conclusion: This study identified DOCK11 and ETV2 as biomarkers for RPL, revealing the important involvement of NK cells in 
RPL and providing new directions for the treatment of RPL.
Keywords: recurrent pregnancy loss, vitamin D metabolism, machine learning, single-cell analysis

Introduction
Recurrent pregnancy loss (RPL) refers to describe the occurrence of two or more consecutive pregnancy losses from the 
moment of conception until the embryo reaches viability or before 24 weeks of gestation.1 Epidemiological studies 
indicate that the incidence of RPL is approximately 1% to 5%, and with the full implementation of China’s three-child 
policy and the increasing maternal age, its incidence is rising annually.2 Currently, RPL has become one of the globally 
recognized intractable diseases, with complex and diverse etiologies. Genetic factors, uterine anatomical abnormalities, 
endocrine disorders, viral infections, environmental variables, and immunological factors are the main known causes of 
RPL.3,4 RPL patients endure significant physical and psychological stress due to repeated pregnancy failures. Since the 
exact causes of RPL remain unclear, clinical interventions are relatively limited in their specificity. Helping this 
population achieve favorable pregnancy outcomes has become a major challenge in the field of reproductive medicine. 
Therefore, identifying effective biomarkers is of great significance for the early diagnosis of RPL and for exploring its 
underlying mechanisms.
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Vitamin D, as a multifunctional steroid hormone, has physiological roles that extend beyond the classical regulation 
of calcium and phosphorus metabolism. In recent years, its function in maintaining immune homeostasis and suppressing 
inflammatory responses has gained significant attention.5 CYP2R1 and the nuclear vitamin D receptor (VDR) are two 
key genes involved in metabolizing vitamin D into its biologically active form and mediating its corresponding functions. 
The active metabolite 1,25-dihydroxyvitamin D3 (1,25(OH)2D3) exerts extensive biological effects by binding to VDR, 
and experimental studies have demonstrated its potent immunoregulatory effects on various tissues.6,7 During pregnancy, 
vitamin D metabolism undergoes dynamic changes. In early pregnancy, the expression of VDR is significantly 
upregulated in the trophoblast and decidua, along with increased expression of 1α-hydroxylase (CYP27B1), which 
activates vitamin D. However, compared to normal woman, woman with recurrent miscarriage exhibit lower expression 
levels of CYP27B1 in the villi and decidua, suggesting that reduced CYP27B1 expression may be associated with 
recurrent miscarriage.8–10 Additionally, it has been shown that vitamin D metabolism plays a significant role in a number 
of pregnancy problems, such as preterm birth, gestational diabetes, and preeclampsia.11 Since vitamin D plays 
a significant role in regulating the immune system, a deficiency of vitamin D may increase the susceptibility of pregnant 
woman to certain pathogens, thereby leading to the occurrence of respiratory diseases, tuberculosis, influenza and 
COVID-19, and indirectly affecting the stability of pregnancy.12 Studies have shown that a deficiency of vitamin 
D can increase the risk of RPL.13–15 In addition, compared with normal Vit D-RPL and control groups, vitamin 
D deficiency is associated with increased activity of the NK cells.14 However, how vitamin D metabolism influences 
the development of recurrent miscarriage and its underlying molecular mechanisms remain unclear.

An innovative method that provides information at the individual cell level is single-cell RNA sequencing, or scRNA-seq.16 

Given RPL’s considerable variability and several stages of evolution, scRNA-seq shows promise as an essential technique for 
revealing its intricate processes. By integrating multiple biochemical techniques, scRNA-seq enables in-depth analysis of 
disease-related cells from various perspectives and at multiple levels.17 Additionally, Mendelian randomization (MR) analysis 
has gained increasing attention in recent years for leveraging genome-wide association study (GWAS) data to test causal 
relationships between exposures and disease outcomes. This method not only allows for the measurement of multiple potential 
biomarkers but also facilitates the evaluation of other traits co-regulated by the exposure [10.1111/rssa.12343]. In our work, we 
utilized transcriptomic data of RPL from public databases and applied bioinformatics approaches to identify biomarkers 
associated with vitamin D metabolism in recurrent pregnancy loss. We evaluated the expression levels and diagnostic potential 
of these biomarkers and employed MR analysis to explore their potential causal relationships with RPL. Finally, we conducted 
enrichment analysis and immune infiltration analysis to investigate the potential mechanisms by which these biomarkers 
influence RPL progression. At single-cell level, we further examined the expression of biomarkers, providing novel insights 
for the clinical prevention and diagnosis of RPL.

Materials and Methods
Data Source
Two transcriptome datasets related to RPL were acquired from the Gene Expression Omnibus (GEO) database (https:// 
www.ncbi.nlm.nih.gov/gds). The training dataset GSE165004 was generated using the GPL16699 platform, and the 
samples were derived from a total of 48 (control: RPL = 24: 24) endometrial tissue samples of patients with RPL. The 
validation dataset GSE26787 was based on the GPL570 platform and included 10 (control: RPL = 5: 5) endometrial 
tissue samples of patients with RPL. In addition, 328 Vitamin D metabolism related genes were collected from the 
msigdb database (https://www.gsea-msigdb.org/gsea/msigdb). Subsequently, a single-cell dataset was downloaded from 
the GSA database (https://ngdc.cncb.ac.cn/gsa/browse/CRA002181). The dataset with the accession number CRA002181 
contained 3 control samples and 2 samples of patients with RPL.

Differential Expression and Enrichment Analyses
Differentially expressed genes (DEGs) were identified from training set by comparing RPL and control samples, with the 
criteria set as |log2Fold Change (FC)| > 0.5 and FDR < 0.05, applying limma package (v 3.54.0).18 Visualization of the DEGs 
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was achieved through a volcano plot and heatmap, created leveraging ggplot2 (v 3.4.1)19 and ComplexHeatmap (v 2.14.0)20 

packages, respectively.

Weighted Gene Co-Expression Network Analysis (WGCNA)
To further investigate Vitamin D metabolism-related module genes, WGCNA was conducted in training set, using 
Vitamin D metabolism score as the trait, with WGCNA package (v 1.70.3).21 Specifically, hierarchical clustering was 
first performed on the samples to exclude outliers. A soft-thresholding power was then determined by setting the scale- 
free fit index (R2) close to 0.8 while maintaining average connectivity near zero, ensuring that the network approximated 
a scale-free topology. A gene dendrogram was subsequently constructed based on gene similarity, and a correlation 
matrix between module eigengenes and phenotypic traits was calculated. Lastly, a corresponding heatmap was generated 
to visualize these correlations. The module with the highest absolute correlation to Vitamin D metabolism was selected as 
the key module (|cor| > 0.3 and P < 0.05), and genes with module membership (MM) > 0.7 and gene significance (GS) > 
0.65 in the module were selected as key module genes.

Identification and Enrichment Analysis of Candidate Genes
Next, ggvenn package was utilized to identify candidate genes between the DEGs and key module genes. With a view to 
gain further insight into the signaling pathways and biological mechanisms associated with the candidate genes, GO (adj. 
P < 0.05) and KEGG (P < 0.05) enrichment analyses were performed using clusterProfiler package (v 4.6.2).22

Recognition of Potential Biomarkers Using Machine Learning Algorithms
After the candidate genes had been identified, they were incorporated into the LASSO regression analysis by means of 
the glmnet package (v 4.1.8).23 The optimal model was constructed to acquire the feature genes at the juncture where the 
model error was minimized and the lambda (λ) value was also minimized. By introducing the λ value, the unimportant 
feature coefficients can be compressed to zero, thereby reducing the complexity of the model. Subsequently, further 
analyses were carried out using Boruta package (v 8.0.0),24 for the purpose of screening out significant genes. Eventually, 
the feature genes obtained through above two algorithms were intersected to obtain the candidate biomarkers.

Identification of Biomarkers
To further screen the biomarkers, the candidate biomarkers obtained from the machine learning screening were subjected 
to expression analysis, and the genes with consistent and significant expression trends were selected for subsequent 
analysis. The diagnostic capability of these potential biomarkers was then assessed. In both the training and validation 
sets, with RPL status serving as the outcome variable, we drew upon the pROC package (v 1.18.5)25 to craft individual 
gene ROC curves and calculate AUC. A biomarker with an AUC exceeding 0.7 signified its competent discrimination 
between RPL and control samples, thus it was classified as a biomarker of our interest.

MR Analysis
This study followed the Mendelian reporting specifications for randomised studies (STROBE-MR).26 To further explore the 
causal relationship between biomarkers and RPL, we regarded these biomarkers as exposure factors and RPL as the 
outcome. The cis-expression quantitative trait loci (cis-eQTLs) data of these biomarkers were obtained from the eQTLGen 
Consortium (https://www.eqtlgen.org/) and the IEU OpenGWAS database. Similarly, the GWAS data of RPL (denoted as 
“finngen_R11_N14_HABITABORT”) was sourced from the FREEZE 11 database (https://r11.finngen.fi/), which included 
a cohort of 120,200 Europeans, with 732 cases of RPL and 119,468 controls.

The MR analysis was based on the following three fundamental premises: (1) There is a significant and robust 
correlation between instrumental variables (IVs) and biomarkers; (2) IVs are independent of confounding factors; (3) IVs 
affect RPL only through the biomarker pathway. Before commencing the analysis, we used the extract_instrument 
function in the TwoSampleMR package (v 0.6.3)27 to select the appropriate IVs. Under the strict threshold (P < 1×10−5), 
we selected single nucleotide polymorphisms (SNPs) that had a significant association with the exposure factor. To 
ensure the robustness and relevance, we excluded SNPs that had a significant association with the exposure factor less 

Journal of Multidisciplinary Healthcare 2025:18                                                                                 https://doi.org/10.2147/JMDH.S541670                                                                                                                                                                                                                                                                                                                                                                                                   7629

He et al

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

https://www.eqtlgen.org/
https://r11.finngen.fi/


than three times during the selection process. We also set parameters such as “r2 = 0.1 and kb = 100” to ensure that SNPs 
in linkage disequilibrium (LD) were excluded, thereby maintaining the independence of SNPs. In addition, the F-statistic 
was calculated to measure the robustness of these SNPs, and an F-value higher than 10 indicated that the set of 
instrumental variables was reliable. Then, we used the harmonise_data function to align the effect alleles with their 
respective effect sizes, laying the foundation for subsequent analysis and ensuring the integrity and consistency of the 
data set. The MR analysis was conducted by using the mr function combined with five algorithms: MR-Egger, weighted 
median, inverse variance weighted (IVW), simple mode, and weighted mode. In this study, the IVW method could 
effectively elucidate the causal relationship and found a statistically significant association between biomarkers and RPL 
(P < 0.05). Finally, the robustness of the MR study results was evaluated by sensitivity analysis, including tests of 
heterogeneity, horizontal pleiotropy, and leave-one-out (LOO) method.

Immune Infiltration Analysis
The composition of immune cells within the immune microenvironment of patients with RPL was evaluated by 
computing the infiltration of 22 types of immune cells in both RPL samples and control samples within the training 
set, utilizing the CIBERSORT algorithm along with the LM22 gene set.28 The disparities in the proportions of immune 
cells between the groups were analyzed, and the correlation between the immune cells and biomarkers was explored 
through Spearman correlation analysis.

Functional and Annotation Analyses
Following this, the analysis focused on delineating the pathways affected by biomarkers in the progression of RPL. The 
“c2.cp.kegg_legacy.v2024.1.Hs.symbols.gmt and h.all.v2023.2.Hs.symbols.gmt” were obtained from MSigDB (https:// 
www.gsea-msigdb.org/gsea/msigdb) to serve as the gene set. First, “Spearman” correlation analysis was performed 
between each biomarker and all genes, followed by Gene Set Enrichment Analysis (GSEA) pathway enrichment analysis 
using the clusterProfiler package (|NES|>1, adj.P < 0.05).

Development of Regulatory Network and Drug Prediction Studies
Predictions for drugs targeting biomarkers were sourced from DSigDB database (https://dsigdb.tanlab.org/). The highest 
scoring drug for each biomarker underwent molecular docking. Active compounds’ 3D structures were initially down
loaded in SDF format from PubChem database (https://pubchem.ncbi.nlm.nih.gov/), converted to PDB format via Babel 
GUI, and further processed. The corresponding protein structures were acquired from PDB (https://www.rcsb.org/). 
Using PyMOL software (v 3.1.1),29 water molecules and small ligands were removed from these protein structures. 
AutoDock software (v 1.5.7)30 facilitated the molecular docking process, with docking results visualized in PyMOL.

ScRNA-Seq Analysis
After the transcriptomic analysis, to further explore the mechanisms of RPL at the cellular level and understand the 
heterogeneity of biomarkers at this scale, a series of single-cell analyses were conducted within the CRA002181 dataset. 
Initially, cells in the dataset underwent quality control (QC), clustering, and annotation with the support of the Seurat 
package (v 5.1.0).31 Metrics such as gene count, cell count, and the percentage of mitochondrial genes were computed. 
Cells with less than 200 genes and less than 3 cells covered with genes were filtered out, while cells with more than 10% 
mitochondrial genes were filtered out, cells with ≤ 200 and ≥ 3000 genes in the cell were removed, and genes with count 
numbers ≤ 200 and ≥ 20000 were removed. Changes in nFeature_RNA, nCount_RNA, and percent_mt before and after 
QC were displayed, with cells meeting the criteria included in downstream analysis. Next, data were normalized, and the 
top 2000 highly variable genes were identified via vst method. PCA was performed to rank the variance percentage of 
each principal component and to generate a PCA elbow plot. Significant PCs enriched with genes having the lowest 
P-values were retained by JackStrawPlot function, and the appropriate PCs were chosen for further analysis. 
Unsupervised clustering was then conducted through FindNeighbors and FindClusters functions, with cell clusters 
visualized using UMAP method at a resolution of 0.2. Following clustering, cell types were annotated based on marker 
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genes from CellMarker database, and a bubble plot was created to display the specificity of marker genes across these 
cell types.

Identification and Cell Communication Analysis of Key Cells
We further analyzed the expression profiles of the biomarkers at the single-cell level to investigate their expression in 
annotated cells of RPL and normal samples. Subsequently, we constructed cellular communication analyses to detect the 
expression and pairing of receptors and ligands between cell types in order to infer interactions between different cells. 
The distribution of annotated cells relative to other cell types in RPL and normal samples was shown in the form of 
proportions and numbers. Subsequently, communication analyses were performed using the CellChat software package 
(v 1.6.1),32 where the aggregation of cell-cell communication networks was calculated and signals were visualised for 
each cell population.

Reverse Transcription-Quantitative Polymerase Chain Reaction (RT-qPCR)
Ten samples (5 RPL samples, 5 normal samples) were procured from the First Hospital of Shanxi Medical University, 
with all patients providing informed consent and approval granted by the Ethics Committee of the First Hospital of 
Shanxi Medical University. The guidelines outlined in the Declaration of Helsinki were followed. RNA was extracted 
using the FastPure Complex Tissue/Cell Total RNA Isolation Kit (Vazyme, NJ). RNA purity was assessed using a Nano- 
500 microspectrophotometer. cDNA synthesis was performed using ABScript III RT Master Mix with gDNA Remover 
(RK20429, ABclonal, Wuhan). RT-qPCR analysis was carried out with the Genious 2X SYBR Green Fast RT-qPCR Mix 
(RK21205, ABclonal, Wuhan), and GAPDH served as the internal reference gene. Primer sequences were listed in 
Table 1. To guarantee the precision of the experimental findings, each experimental group was subjected to three separate 
replicates. Relative gene expression levels were calculated using the 2−ΔΔCt method.

Western Blotting
The protein expression levels of biomarkers were analyzed for six samples (3 RPL samples, 3 normal samples). Protein 
extraction was performed tissues from RPL and control using RIPA lysis buffer (Beyotime, Shanghai, China), and 
protein concentrations were measured via a BCA assay kit (Beyotime, Shanghai). Proteins were mixed with 5× loading 
buffer (Servicebio, Beijing) at a 4:1 ratio, denatured at 95°C for 10 minutes, and stored at −20°C or −80°C. SDS-PAGE 
was conducted using separating and stacking gels tailored to protein molecular weights. Stacking gel electrophoresis was 
run at 80 V for 30–40 minutes, followed by separating gel electrophoresis at 120 V until the marker reached the bottom. 
Proteins were transferred onto PVDF membranes at 200 mA for 1 hour in an ice bath. Membranes were blocked with 5% 
skimmed milk for 30 minutes after TBST rinsing. Primary antibodies were applied overnight at 4°C, followed by 
incubation with secondary antibodies (1:5000 dilution) for 30 minutes at room temperature. Finally, membranes were 
treated with ECL luminescent solution and visualized using a chemiluminescence imaging system. The experiment was 
conducted with biological replicates (N = 3).

Table 1 The Primer Sequence of Biomarkers

Primer Sequences 5’-3’

H-GAPDH F:5’-GGAGTCCACTGGCGTCTTCA −3’

R:5’-GTCATGAGTCCTTCCACGATACC −3’

DOCK11 F:5’-CAGTGACGGTAGCCCAAAGG-3’
R:5’-GCACAGTGTGTAATGTTTCCCTG-3’

ETV2 F:5’-CTGGAAAGGTACAAGCTCATCC-3’

R:5’-AACTTCTGGGTGCAGTAACGC-3’
SOAT1 F:5’-GGTGCGCTCTCACAACCTTT-3’

R:5’-GAGGTGCTCTCAAATCCTTCG-3’
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Statistical Analysis
All analyses were executed in R software (v 4.2.2). Differences between groups were analyzed by Wilcoxon test. P < 0.05 
was considered statistically significant.

Results
Identification of DEGs and Key Modules Associated with Vitamin D Metabolism in RPL 
Samples
This analysis of the RPL and control samples within training set revealed 379 DEGs: 167 up-regulated and 212 down- 
regulated (Figure 1A and B). WGCNA was performed with vitamin D metabolism as the trait to screen key module genes 
for vitamin D metabolism. The analysis revealed no outlier samples in the training set and confirmed a scale-free network 
topology when optimal soft-thresholding power was set to 12 (Figure 1C). A total of 11 modules were identified through 

Figure 1 Identification of differentially expressed genes (DEGs) and key modules associated with vitamin d metabolism in recurrent pregnancy loss (RPL) samples (A and B) 
Volcano plot and heatmap illustrating DEGs between RPL and control subjects. The red dotted line in Figure A represents the value of -log10(0.05), and this line was used to 
determine whether the p value is significant. (C) Topology analysis depicting soft-thresholding power in network construction. The horizontal axis of the figure represents 
the power value of the weight parameter, and the vertical axis of the figure on the left represents the square of the fitting coefficients of log(k) and log(p(k)) in the 
corresponding network. The vertical axis on the right represents the mean of all gene adjacency functions in the corresponding gene module. The red line was the soft 
threshold selection judgment line, with R2=0.8. The first soft threshold higher than this line was selected. (D) Hierarchical clustering dendrogram categorizing genes into 
modules based on expression patterns. Different colors represent different modules, where grey defaults to genes that cannot be classified to any module. (E) Heatmap of 
module-trait correlations. (F) Correlation analysis between key modules and gene importance in WGCNA. The vertical axis represents the correlation between genes and 
diseases, and the horizontal axis represents the correlation between genes and modules. Select the genes in the upper right quadrant, that is, those with a disease correlation 
greater than 0.65 and a module correlation greater than 0.7 (with the red line as the dividing line), as the module genes.
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systematic clustering tree analysis among genes (Figure 1D). Among them, the MEbrown module (cor = 0.86, P = 
4×10−15) and the MEred module (cor = 0.84, P = 1×10−13) showed a relatively strong positive correlation with vitamin 
D metabolism (Figure 1E). Subsequently, the genes with module similarity greater than 0.7 and trait correlation greater 
than 0.65 in each module were selected as the key genes of the corresponding modules. In total, there were 970 key 
module genes screened out in this way (Figure 1F).

Identification and Functional Enrichment of Candidate Genes Associated with Vitamin 
D Metabolism in RPL
After screening the DEGs and the key module genes, in order to identify the genes related to vitamin D metabolism in the 
context of RPL, we took the intersection of DEGs and the key module genes. It was found that there were 27 genes 
related to vitamin D metabolism among the DEGs, and these genes were named candidate genes (Figure 2A). 

Figure 2 Identification and analysis of candidate genes. (A) Venn diagram identifying candidate genes by overlapping DEGs and key module genes. (B and C) Functional 
enrichment analysis of candidate genes through Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways.
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Subsequently, to gain a deeper understanding of the potential biological functions and the involved pathways of these 
candidate genes, we carried out enrichment analysis. Regarding the GO analysis, the candidate genes were enriched in 
a total of 17 GO terms, including 16 BP terms and 1 CC term (Figure 2B), specifically such as “response to metal ion”, 
“peptidyl-tyrosine phosphorylation”, and “NADPH oxidase complex”, this complex participated in redox reactions 
within the cell. In terms of the KEGG analysis, only two pathways were enriched, namely the “Steroid biosynthesis” 
pathway and “Prion diseases” pathway (Figure 2C).

DOCK11 and ETV2 Were Determined as Biomarkers
Subsequently, further screening of biomarkers was carried out by means of machine learning. The results of the LASSO 
analysis showed that when Lambda.min was set to 0.05, the optimal number of genes was 5, specifically SOAT1, 
DOCK11, CYBB, RAC3, and ETV2 (Figure 3A). Further, using the Boruta algorithm to rank according to importance, 8 
feature genes were obtained (Figure 3B). By taking the intersection of the feature genes obtained from the above two 
algorithms, a total of 3 candidate biomarkers were obtained, specifically DOCK11, SOAT1, and ETV2 (Figure 3C).

DOCK11 and ETV2 were determined as biomarkers through the verification of gene expression levels and ROC 
analysis. The differential expression analysis revealed consistent expression patterns for both genes across the training 
and validation sets, with statistically significant differences observed. Specifically, the expression of DOCK11 was 
downregulated and the expression of ETV2 was upregulated in RPL samples (Figure 4A). RT-qPCR analysis revealed an 
upregulation of ETV2 expression in RPL (Figure 4B) (Table S1). Similarly, Western blot results demonstrated 
a downregulation of DOCK11 and an upregulation of ETV2, aligning with the findings reported by bioinformatics 
(Figure 4C) (Table S2).

In addition, the results of the ROC analysis showed that in both the training set and the validation set, the AUC values 
of these two genes were greater than 0.7, indicating that they had good diagnostic value (Figure 4D). The MR analysis 
did not reveal a causal relationship between the biomarkers and RPL, suggesting that these biomarkers were not direct 
contributors to the onset of the disease. Instead, it was likely that the occurrence of the disease leads to changes in gene 

Figure 3 Identification of biomarkers through machine learning. (A) Least absolute shrinkage and selection operator (LASSO) regression analysis: gene selection performed 
through 10-fold cross-validation. (B) Variable selection using the Boruta algorithm. (C) Intersection of the two algorithms to identify candidate biomarkers.
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expression associated with these biomarkers (Figure 4E). They may act as downstream effector molecules in the disease 
process, participating in the reprogramming of the immune microenvironment and the regulation of placental function, 
rather than being upstream factors driving the occurrence of diseases. This discovery further emphasizes the complexity 
and multi-factorial nature of RPL, suggesting that in future research, we should pay more attention to the dynamic 
changes of these genes during disease progression and their interactions with other risk factors.

Functional Characterization of Biomarkers
The GSEA further supported the influence of biomarkers on the progression of RPL. The enrichment analysis conducted 
on the basis of the KEGG gene set disclosed that biomarkers were consistently enriched within pathways related to 
chemokinetic signaling, cellular dynamics receptor interactions, and natural cell toxicity (Figure 5A). Moreover, the 
outcomes derived from the enrichment analysis using the Hallmark gene set demonstrated that both of these biomarkers 
were jointly enriched in pathways associated with inflammatory responses, interferon gamma response, and TNAF 
signaling via NFKB (Figure 5B).

Figure 4 Identification of biomarkers. (A) Expression analysis of biomarkers between endometriosis and controls in training and validation sets. (B and C) Reverse 
transcription-quantitative polymerase chain reaction (RT-qPCR) and Western blotting to verify biomarkers expression. (D) Receiver operating characteristic (ROC) 
curve of the biomarkers. (E) Mendelian randomisation analysis revealed causal relationship between biomarkers and RPL. *P < 0.05, **P < 0.01, ***P < 0.001, 
****P < 0.0001, ns: P > 0.05.
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Deciphering Differences in Immune Cell Infiltration Between RPL Patients and Healthy 
Individuals
We explored the differences in the immune microenvironment between patients with RPL and healthy individuals. We 
used the CIBERSORT algorithm and the LM22 gene set to calculate the proportions of 22 immune cells in the training 
set (Table S3). The stacked bar chart displayed the infiltration abundances of 22 types of immune cells, while the box plot 
showed the significant differences in four types of immune cells between RPL patients and the healthy control group (P < 
0.05) (Figure 6A). Specifically, except that the infiltration of CD8 T cells was higher in RPL patients (P < 0.05), the 
infiltration levels of the other three types (memory resting CD4 T cells, M2 Macrophages and M1 Macrophages) of 
immune cells were lower in RPL patients (P < 0.05) (Figure 6B) (Table S4). These findings indicated that there were 
differences in the immune microenvironment between RPL patients and the healthy control group. Overall, there was 

Figure 5 Functional characterization of biomarkers. (A) Gene Set Enrichment Analysis (GSEA) results for biomarkers base on KEGG gene set. (B) GSEA results for 
biomarkers base on Hallmark gene set.
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Figure 6 Immune correlation analysis for biomarkers and immune cell. (A) Stacked bar chart visualizing the infiltration abundance of 22 immune cell types. The horizontal 
axis represents the RPL samples and Normal samples in the training set, and the vertical axis represents the immune cell proportions. (B) Box plot illustrating the differences 
in infiltration abundance of these immune cells between RPL patients and controls. The horizontal axis represents cell types, and the vertical axis represents immune cell 
proportions. *P < 0.05, **P < 0.01. (C) Heatmap of the correlation between immune cells and biomarkers. The horizontal axis represents immune cell types, and the vertical 
axis represents biomarkers. The size of the dots represents the significance of the correlation, while the color and depth of the dots indicate the direction and magnitude of 
the correlation.
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a significant correlation between immune cells and biomarkers. Among them, the DOCK11 had the highest correlation 
with activated memory CD4 T cells (cor= −0.635, P < 0.001) (Figure 6C) (Table S5).

Targeted Drug Research for Biomarkers
Using public databases, a drug-biomarker network was then assembled with 2 nodes and 17 edges, identifying 4 drugs 
predicted to target ETV2 and 7 targeting DOCK11 (Figure 7A) (Table S6). We continued the molecular docking analysis 
by selecting the highest scoring drug for each biomarker. The binding energies of ETV2 were −5.1 kcal/mol with 
tolazoline and −6 kcal/mol with Primaquine, suggesting stable interactions. Similarly, DOCK11 had a binding energy of 
−7.6 kcal/mol with 8-Bromo-cAMP and −8.7 kcal/mol with calcitriol (Figure 7B–E).

Single-Cell Analysis Revealed Distinct Cellular Clusters in RPL
After data processing, Figure S1A displays the results for nFeature RNA, nCount RNA, and percent_m. Figure S1B 
highlighted 2,000 highly variable genes. The top 30 principal components were selected using PCA (Figure S1C). The 
t-SNE dimensionality reduction revealed 16 distinct cellular clusters (Figure 8A), which were further classified into 11 
cell types based on the expression of marker genes: Cytotoxic CD8+ T cells, Natural Killer cells, Macrophages, 

Figure 7 Potential regulatory mechanisms of biomarkers. (A) Construction of Drug-biomarkers regulatory network. The red rhombus represents drugs and the blue circle 
represents genes. (B–E) Molecular docking binding site prediction of ETV2 with Primaquine (B) and tolazoline (C), DOCK11 with calcitriol (D) and 8-Bromo-cAMP (E).
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Mesenchymal Stem Cells, CD8+ T cells, Monocytes, B cells, Dendritic Cells, Endothelial Cells, T cells, and Mast Cells 
(Figure 8B and C). We then analyzed the distribution of biomarkers across different cell types and found that both 
biomarkers were significantly enriched in Natural Killer cells (Figure 8D).

We determined the maximum number of interactions and interaction weights for each cell in order to more accurately 
infer the network’s node sizes and edge weights across various groups. The results indicated that, compared to the normal 
group, the RPL group exhibited a decrease in the number of interactions but a significant increase in interaction strength 
(Figure 9A and B). In the RPL group, input signals from NK cells, cytotoxic CD8+ T cells, and T cells were enhanced, 
while input signals from macrophages were relatively diminished (Figure 9C). This shift might reflect a reprogramming 
of the immune microenvironment in disease states. Subsequently, we illustrated how various signaling pathways from 
different cellular inputs to NK cells changed their communication probabilities between diseased and normal tissues. 
Notably affected signaling pathways included HLA-E-CD94:NKG2E, HLA-E-CD94:NKG2C, and HLA-E-KLRC2 
(Figure 9D). These alterations could provide new insights into understanding the immune evasion mechanisms associated 
with RPL.

Discussion
RPL is a complex clinical issue, and its pathogenesis involves multiple factors, including genetic factors, immune system 
disorders, hormonal imbalances, and infections, etc.33 Vitamin D regulates immune function by modulating the produc
tion of certain Th1 and Th2 cytokines. This regulation alters the immune response, promoting maternal immune 
tolerance, which is essential for maintaining a normal pregnancy.34–36 However, abnormal vitamin D levels can have 
detrimental effects on immune function and pregnancy outcomes. Low vitamin D levels have been found to be 
substantially linked to an increased risk of RPL,37,38 further suggesting the potential critical role of vitamin D in the 
pathogenesis of RPL. In this study, differential expression analysis and WGCNA identified 27 genes related to vitamin 
D metabolism. Two key biomarkers, DOCK11 and ETV2, associated with vitamin D metabolism in RPL were selected 
using two machine learning algorithms (LASSO and Boruta). ROC curve analysis, qRT-PCR, and Western blotting were 
employed to validate the diagnostic efficacy of these markers. Additionally, single-cell data was used to explore the 
correlation and expression patterns of these biomarkers with cell subpopulations. Furthermore, GSEA analysis, immune 
infiltration assessment, drug prediction, and molecular docking analyses were conducted to further uncover the potential 
molecular mechanisms underlying the development of RPL.

Figure 8 Single-cell RNA sequencing (scRNA-seq) analysis. (A) Clustering analysis identified 16 distinct cell clusters. Each point in the figure represents a single cell. (B) Annotation 
revealed 11 cell types: Cytotoxic CD8+ T cells, Natural Killer cells, Macrophages, Mesenchymal Stem Cells, CD8+ T cells, Monocytes, B cells, Dendritic Cells, Endothelial Cells, 
T cells, and Mast Cells. (C) Bubble plot illustrating the marker genes used for annotation. (D) Violin plots visualize the expression distribution of biomarkers across 11 cell types. 
**P < 0.01, ****P < 0.0001.
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Figure 9 Cell communication analysis. (A and B) Annotated cellular communication network illustrating the number and strength of interactions in RPL and control. (C) Changes 
in the strength of cellular communication interactions. The horizontal axis represents the output intensity of different cells, while the vertical axis denotes the input intensity of 
different cells. (D) NK cell input signal interaction pathway communication probability. The horizontal axis represents different input cell types, and the vertical axis represents 
communication-related pathways.
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DOCK1 belongs to the DOCK family of proteins and is one of the key components of the integrin signaling pathway. 
Studies have shown that DOCK1 can promote cell proliferation and inhibit apoptosis by activating downstream proteins 
such as ERK and AKT.39 Previous research has reported that the DOCK1 inhibitor TBOPP induces miscarriage in mice 
by inactivating the DUSP4/ERK pathway, and the expression of DOCK1 in the placental villi of women with RPL is 
significantly reduced.40 This finding aligns with our research results, where we further confirmed the low expression of 
DOCK1 through Western blotting. However, due to tissue specificity, the PCR results did not show significant 
differences. The function of DOCK1 has also been widely studied in other pregnancy-related diseases and malignant 
conditions. For example, in endometrial cancer, Xie et al found that DOCK1 regulates malignant biological behaviors 
through the c-Raf/ERK pathway.41 Additionally, in preeclampsia, DOCK1 deficiency has been shown to lead to placental 
dysfunction by coordinating inflammatory responses and oxidative stress.42 These studies further support the important 
role of DOCK1 in pregnancy-related diseases, suggesting that it may participate in the regulation of placental function 
and the maintenance of pregnancy outcomes through various signaling pathways. Research on DOCK1 has also been 
conducted in other types of diseases. For instance, in breast cancer, MiR-486-5p suppresses breast cancer cell epithelial- 
mesenchymal transition induced by IL-22 by inhibiting DOCK1.43

During early mouse embryo development, several key transcription factors (such as SCL, ETV2, Runx1, GATA1, and 
GATA2) are essential for the differentiation of mesodermal cells into the hematopoietic lineage. Among them, ETV2 is 
considered a critical transcription factor in hematopoietic differentiation. Studies have shown that ETV2 is expressed 
during a brief window in embryonic development, beginning at E7.0, with expression levels starting to decrease after 
E8.5.44 At E7.75, ETV2 is involved in the development of hematopoietic endothelial cells in the yolk sac. If ETV2 is 
mutated during early embryo development, the embryo cannot survive due to the loss of hematopoietic stem cells (HSCs) 
and endothelial cells. Moreover, overexpression of Etv2 can induce the formation of Flk1+ mesodermal cells in mouse 
embryos and, under the suppression of BMP, Notch, and Wnt signaling, promotes the differentiation of Flk1+ 
mesodermal cells into HSCs and endothelial cells by alleviating the inhibitory effects.45 In Zhao et al’s study, the 
interaction between ETV2, VEGF, and FLK1 was shown to induce and regulate vascular regeneration. After ischemic 
injury to the hind limb of adult mice, Etv2 expression in endothelial cells was reactivated, promoting vascular 
regeneration through the regulation of the VEGF/FLK1 signaling pathway.46 Xu et al found that after bone marrow 
transplantation or HSC injury, the Etv2 gene in hematopoietic stem/progenitor cells is activated by reactive oxygen 
species (ROS), which promotes autocrine, migration, and regeneration of these cells.39 Interestingly, the expression of 
c-Kit can alleviate the proliferation defects of hematopoietic stem/progenitor cells and the short-term bone marrow 
transplant failure caused by ETV2 deletion in this study. In our study, we found that ETV2 is underexpressed in patients 
with RPL, which is consistent with its critical role in embryonic development and angiogenesis. The low expression of 
ETV2 may lead to impaired placental angiogenesis, thus affecting normal embryonic development. This discovery 
implies that ETV2 may be a significant factor in occurrence of RPL by regulating angiogenesis and placental function. 
Combined with existing research, the low expression of ETV2 may exacerbate placental dysfunction and abnormal 
embryonic development by affecting the VEGF/FLK1 signaling pathway or other downstream signaling molecules such 
as c-Kit. Our research provides new evidence for the role of ETV2 in RPL and lays the foundation for future exploration 
of its potential as a therapeutic target.

Through single-cell analysis, we discovered differential expression of two biomarkers in NK cells, further suggesting 
that NK cells may play a key role in the pathogenesis of RPL. The immune system of the female endometrium is crucial 
for the success of pregnancy. Early in pregnancy, about 40% of decidual cells are immune cells resident in the 
endometrium, with uterine natural killer (uNK) cells playing a significant role. Regulated by sex hormones, uNK cells 
(a subpopulation derived from peripheral blood NK cells) are recruited to the uterus.47 By releasing cytokines and growth 
factors including interleukin-15 (IL-15) and VEGF, NK cells dramatically enhance their infiltration into the endometrium 
during the first trimester of pregnancy, controlling endometrial receptivity and angiogenesis.48 Studies have shown that 
NK cells play a central role in the success or failure of pregnancy. In patients with RPL, a significant imbalance in NK 
cells is observed in peripheral blood and decidual tissue.1,49 Braun et al50 further confirmed that NK cells in the 
endometrium are closely related to RPL, highlighting how crucial particular immune cell subsets are to the endometrial 
microenvironment’s ability to support pregnancy. Our findings further support the critical role of NK cells in RPL.
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In our research, through drug prediction and molecular docking analyses, we identified some drugs that might target 
DOCK11 and ETV2. These drugs include tolazoline, Primaquine, 8-Bromo-cAMP and calcitriol. Tolazoline is a non- 
selective α-adrenergic antagonist and vasodilator. Tolazoline was used in a full-term newborn with neonatal encephalo
pathy and pulmonary hemorrhage. After intravenous infusion, the newborn survived and there was no evidence of long- 
term disability.51 Primaquine is mainly used to treat malaria.52 Primaquine is usually used in combination with other 
therapies, such as chloroquine or artemisinin drugs, which target the reproductive active forms of parasites. 8-Bromo- 
cAMP is a cell-permeable CAMP analogue that can act as a CAMP-dependent protein kinase activator.53 Calcitriol is the 
active hormonal form of vitamin D and a key regulator of mineral and bone metabolism.54 Calcitriol exerts a variety of 
biological functions, including controlling growth and cell differentiation, regulating hormone secretion and regulating 
reproductive function. Moreover, calcitriol can stimulate the synthesis of estradiol and progesterone in the human 
placenta.55 Furthermore, as calcitriol is an immunosuppressant that can regulate the synthesis of various cytokines, 
including decidual prolactin, it may contribute to the establishment of fetal placental units.55 Therefore, among these 
drugs, calcitriol has the potential for clinical translational research due to its clear clinical safety. While other compounds 
have shown good binding stability in molecular docking analysis, these drugs still need to be verified through preclinical 
studies and clinical trials, which provides a direction for the future development of new therapeutic strategies.

This study found that DOCK11 and ETV2 were abnormally expressed in the endometrial tissues of RPL patients and 
had good diagnostic value, suggesting that they might serve as potential biomarkers for clinical auxiliary diagnosis. In the 
future, by detecting the mRNA or protein expression levels of DOCK11 and ETV2 in endometrial tissue, a more accurate 
RPL risk stratification model can be established to identify high-risk populations and implement early intervention.

However, this study has some limitations. First, due to small sample size of RPL patients and the limited availability 
of public datasets, the validation dataset GSE26787 only has 5 samples of RPL patients, which may limit the universality 
and applicability of the research results. In addition, although the public dataset used in this study has minimized 
interference through a strict data standardization process, the inherent heterogeneity in sample collection and processing 
of the public dataset may still affect the stability of the research results. To increase the results’ robustness and wide 
applicability, future studies should concentrate on increasing the sample size, adding more public datasets, and 
incorporating multi-center and multi-ethnic independent cohorts. Second, as this study mainly relies on the GWAS 
data of the European population for MR analysis, it is necessary to verify its universality in the GWAS data of the East 
Asian population in the future. Finally, additional in vitro and in vivo confirmation is required because the molecular 
indicators found in this study are novel and their precise roles in RPL have not yet been thoroughly investigated. 
Additionally, further exploration of the molecular mechanisms and validation of their potential as diagnostic or 
therapeutic targets are needed to advance basic and clinical research on RPL.

Conclusion
This study revealed 379 DEGs related to vitamin D metabolism, with 167 genes upregulated and 212 genes down
regulated. Through WGCNA, key modules significantly associated with vitamin D metabolism were identified, and 27 
candidate genes were selected. Machine learning methods further identified DOCK11 and ETV2 as potential biomarkers, 
with consistent expression trends in RPL samples, demonstrating good diagnostic value. Additionally, immune cell 
infiltration analysis showed changes in the immune microenvironment of RPL patients, with enhanced signals in NK 
cells and CD8 T cells, while macrophage signaling was weakened. Single-cell analysis indicated that these two 
biomarkers were significantly enriched in natural killer cells. These results offer fresh perspectives on the pathogenesis 
and immune evasion mechanisms of RPL.

Abbreviations
RPL, recurrent pregnancy loss; WGCNA, Weighted Gene Co-expression Network Analysis; DEGs, differentially 
expressed genes; MR, Mendelian randomization; VDR, vitamin D receptor; 1,25(OH)2D3, 1,25-dihydroxyvitamin D3; 
GWAS, genome-wide association study; GEO, Gene Expression Omnibus; IVW, inverse variance weighted; GSEA, 
Gene Set Enrichment Analysis; QC, quality control.
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