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Background

Non-obstructive azoospermia (NOA) is the most severe type that leads to 1% of male infertility. Wnt signaling governs normal sperm maturation. However, the role of Wnt signaling in spermatogonia in NOA has incompletely been uncovered, and upstream molecules regulating Wnt signaling remain unclear.





Methods

Bulk RNA sequencing (RNA-seq) of NOA was used to identify the hub gene module in NOA utilizing weighted gene co-expression network analyses (WGCNAs). Single-cell RNA sequencing (scRNA-seq) of NOA was employed to explore dysfunctional signaling pathways in the specific cell type with gene sets of signaling pathways. Single-cell regulatory network inference and clustering (pySCENIC) for Python analysis was applied to speculate putative transcription factors in spermatogonia. Moreover, single-cell assay for transposase-accessible chromatin sequencing (scATAC-seq) determined the regulated genes of these transcription factors. Finally, spatial transcriptomic data were used to analyze cell type and Wnt signaling spatial distribution.





Results

The Wnt signaling pathway was demonstrated to be enriched in the hub gene module of NOA by bulk RNA-seq. Then, scRNA-seq data revealed the downregulated activity and dysfunction of Wnt signaling of spermatogonia in NOA samples. Conjoint analyses of the pySCENIC algorithm and scATAC-seq data indicated that three transcription factors (CTCF, AR, and ARNTL) were related to the activities of Wnt signaling in NOA. Eventually, spatial expression localization of Wnt signaling was identified to be in accordance with the distribution patterns of spermatogonia, Sertoli cells, and Leydig cells.





Conclusion

In conclusion, we identified that downregulated Wnt signaling of spermatogonia in NOA and three transcription factors (CTCF, AR, and ARNTL) may be involved in this dysfunctional Wnt signaling. These findings provide new mechanisms for NOA and new therapeutic targets for NOA patients.
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1 Introduction

One in seven couples suffer from infertility globally, and almost half of them are ascribed to male factors. Up to 15% of infertile men are caused by azoospermia, which is characterized by the non-existence of sperm in semen (1). The most severe type of azoospermia is non-obstructive azoospermia (NOA), which is defined as the absence of sperm in the ejaculate due to impaired spermatogenesis (2). Although the etiologies of NOA are largely unknown, impairment in any steps of spermatogenesis can lead to NOA (3). Spermatogonia serve as the fuel of spermatogenesis and the precursors of all sperm; therefore, abnormality in the proliferation and differentiation of spermatogonia can cause NOA (4). In addition, therapies targeted toward spermatogonia are becoming an increasingly used treatment for NOA (5). Takehiko et al. successfully used spermatogonial transplantation to restore the fertility of infertile mouse strains (6). Spermatogonial transplantation is a promising way to treat NOA. Thus, investigations into the aberrant genetic and epigenetic events in spermatogonia are essential to improve the safety of spermatogonial transplantation and find new therapeutic targets for NOA.

There are substantial signal pathways involved in the onset of NOA. It has been shown that the Wnt signaling pathway, as an important pathway for cell growth and development, plays an instrumental role in mammalian spermatogenesis (7). It is well documented that Wnt signaling governs sperm maturation (8). However, the role of Wnt signaling in spermatogonia, as the fuel of sperm, is not thoroughly explored. More importantly, no multi-omics analyses were documented in the studies that aimed to investigate the role of Wnt signaling in spermatogonia (9). Thus, how the Wnt signaling pathway influences spermatogonia of NOA patients remains unknown.

Single-cell analysis sheds light on molecular data of a wide variety of diseases at an unprecedented resolution (10). Single-cell multi-omics analysis includes, but is not limited to, single-cell RNA sequencing (scRNA-seq), single-cell assay for transposase-accessible chromatin sequencing (scATAC-seq), and spatial transcriptomics analysis. ScRNA-seq revealed new cell types in the testis that promote spermatogenesis (11). ScATAC-seq is designed to study open chromatin in single cells, which identified key transcription factors during meiosis (12). Spatial transcriptomics analysis comprises spatial location information to compensate for the lost original tissue architecture information in other analyses.

Therefore, the aim of this study was to capture a comprehensive picture of the Wnt signaling in spermatogonia of NOA patients using multi-omics analysis. We obtained RNA-seq and scRNA-seq data of normal and NOA samples from a public database. Downregulated activity and dysfunction of the Wnt signaling pathway of spermatogonia in NOA samples were subsequently explored. In addition, a new gene co-expression network associated with the Wnt pathway was established. Single-cell regulatory network inference and clustering (pySCENIC) was used to infer the transcription factor (TF) of spermatogonia in normal and NOA samples. Subsequently, scATAC-seq demonstrated that three TFs were actively involved in the Wnt signaling pathway. Finally, spatial transcriptomic data validated cell-type specific Wnt signaling. Thus, these results indicate that the dysfunctional Wnt signaling pathway performs an important role in NOA and three TFs (CTCF, AR, and ARNTL), which may be involved in this process. These findings provide new mechanisms for NOA and new therapeutic targets for NOA patients.




2 Materials and methods



2.1 Data source

Bulk RNA-seq data of a total of 100 NOA samples and 33 normal samples (free from any major disease) were obtained from the GEO database (https://www.ncbi.nlm.nih.gov/geo/) (accession number: GSE45885, GSE9210, GSE108886, GSE145467, and GSE216907). The clinical features are listed in Supplementary Table S4. ScRNA-seq data of 7 NOA samples and 22 normal samples were accessed from the open-access data of Nie et al. (13) and Zhao et al. (14). The clinical information of used samples in scRNA-seq is presented in Supplementary Tables S1, S2. ScATAC-seq and spatial transcriptome dataset were acquired from publicly available data of Garcia-Alonso et al. (14). Gene sets for hallmarks of spermatogenesis and hallmarks of Wnt signaling were obtained from MsigDB hallmark gene sets (http://www.gsea-msigdb.org/gsea/msigdb).




2.2 Data procession

For bulk RNA-seq, the raw data were processed using the limma R package with the log-normalization method, based on |log2(fold change(FC)) > 1 and p < 0.01. As for scRNA-seq data, the Seurat R package workflow was used for cell filtration, normalization, dimensionality reduction, and clustering. IntegrateData function based on the canonical-correlation analysis (CCA) algorithm was performed to eliminate batch effects. Perhaps because the downloaded data underwent quality control, 61,622 cells out of 68,066 cells remained according to the standard: minGene = 300, maxGene = 7,000, mitochondrial content <15%. Uniform manifold approximation and projection (UMAP) and resolution = 0.8 was selected to perform dimensionality reduction and clustering. Finally, cell type annotation was achieved by marker genes from previous research (15). For scATAC-seq data, the 10X Genomics Cell Ranger ATAC pipeline (v.1.2.0) with the GRCh38 genome was utilized as a reference. Then, the Signac package was used for downstream analysis. According to the standard of quality control, 750 cells in total were obtained: peak_region_fragments >1,000 reads and <20,000, pct reads in peaks >15, blacklist ratio <0.05, nucleosome_signal <4, and TSS.enrichment >1.2. Thereafter, the FindTransferAnchors function was conducted to annotate cell types of scATAC-seq according to the cell types of scRNA-seq based on the anchor points. For the spatial transcriptome dataset, we downloaded processed data treated with the Seurat package. Spots with less than 200 measured genes and less than 500 unique molecular identifiers (UMIs) were filtered out. Visualization of spatial transcriptome data was carried out using the Seurat package.




2.3 Unsupervised clustering and GO enrichment analysis

Unsupervised clustering was conducted with the ConsensusClusterPlus package. The Kuhn–Munkres (KM) algorithm was performed, and “euclidean” was used as measurement distance. Sampling using 1,000 bootstraps was conducted, with each bootstrap containing 80% samples, which yielded four predominant clusters. Differential genes of these four clusters were determined by comparing each cluster to the rest of the clusters based on the following criteria: |log2(FC)| > 1 and p < 0.01. Then, these differential genes were subjected to Gene Ontology (GO) enrichment analysis with the clusterProfiler package. The Benjamini–Hochberg method was employed to adjust the p-values (adjust-p <0.05 was considered significant).




2.4 Weighted gene co-expression network analysis

Weighted gene co-expression network analysis (WGCNA) is a powerful bioinformatics tool that builds gene network modules related to diseases by applying the R package WGCNA (16). A weighted adjacency matrix was generated by calculating Pearson’s correlation between each gene pair. The power of 8 was selected as a soft threshold parameter to classify genes into different gene modules with a minimum size of 30 genes. The top 200 genes with the highest node centrality, which was calculated by principal component analysis within each module, were extracted for subsequent analysis. An important objective of WGCNA is to identify the gene modules that are closely correlated with clinical phenotypes. To this end, the Bicor function of the WGCNA package was employed to analyze the correlation between phenotype and each gene module using the biweight midcorrelation (bicor) method.




2.5 Multiscale embedded gene co-expression network analysis

Multiscale Embedded Gene Co-Expression Network Analysis (MEGENA) is another method used in establishing gene hierarchy clustering, which shows improved performance over WGCNA (17). WGCNA and MEGENA are powerful methods for identifying significant genes. WGCNA has the limitation of not being able to coexist at different levels of clustering within a single network, thus not reflecting the multiscale hierarchical nature of complex networks. MEGENA, in contrast, allows the construction and analysis of large-scale planar filtered co-expression networks to the greatest extent possible. As performed in the study of Lei et al., we sought to combine both methods (18). Default parameters in the MEGENA R package were employed to perform MEGENA. A minimum module size of 100 was used to calculate a planar filtered network (PFN) from gene expression correlations. The multiscale clustering method was applied to build a glioma gene network consisting of interconnected subnetworks or modules (19). The genes in the MEGENA-C1_3 cluster were visualized using Cytoscape 3.7.2.




2.6 Gene set variation analysis and AUCell

Gene set variation analysis (GSVA) is a sensitive technique that identifies the enrichment of gene sets in samples using gene sets from MsigDB, GO database, and Kyoto Encyclopedia of Genes and Genomes (KEGG) database. GSVA has been used in scRNA-seq data in recent years (20). AUCell is another method to determine whether a given gene set is enriched in single cells (21). Since the computation of GSVA is less time-consuming, we applied GSVA to huge GO datasets with the GSVA package, while we employed AUCell analysis in HALLMARK_SPERMATOGENESIS and HALLMARK_WNT_BETA_CATENIN_SIGNALING gene sets from MsigDB with AUCell package, which represented sperm development in male fertility and canonical beta-catenin pathway separately (22).




2.7 Cell communication analysis

CellChat R package was run using its default settings to conduct cell communication analysis. The principle of CellChat is to evaluate the expression of receptor–ligand pairs from the CellChatDB database in different cell types to prove the existence of exact signaling pathways (23). The first step was downloading the receptor–ligand interactions from the CellChatDB database. Then, to evaluate whether different cell types had remarkable correlations, the marker genes from the source cell type were searched against the marker genes from the target cell type based on the receptor–ligand pairs in the CellChatDB. Subsequently, 10,000 permutations were implemented for the expressed genes to assess the background frequencies of receptor–ligand pairs.




2.8 High-dimensional weighted gene co-expression network analysis

High-dimensional weighted gene co-expression network analysis (hdWGCNA) is an R package that was especially developed for scRNA-seq identifying disease-relevant co-expression network modules. We followed typical hdWGCNA workflow. First, we removed batch effects between samples with a harmony algorithm. Next, we generated metacells with k = 200, and we screened the soft power threshold (threshold = 0.85, power = 12). Then, we constructed a topological matrix via the topological overlap matrix (TOM). We identified gene modules using module-cutting parameters, including minModuleSize = 50 and mergeCutHeight = 0.2.




2.9 Single-cell regulatory network inference and clustering for Python

To speculate putative dominant TFs in spermatogonia from scRNA-seq, we conducted pySCENIC with pySCENIC R package (24). In brief, we constructed a gene regulation network (TFs and known target genes) from scRNA-seq. Then, we analyzed the activity of each TF in single cells via the AUCell function of pySCENIC. The results of pySCENIC are presented in Supplementary Table S3. To identify main TFs in NOA or normal spermatogonia, we used the RSS method implemented in the calcRSS function in the R package SCENIC, which has been proven to be an effective method to identify cell type-specific TFs (25). We performed heat map visuals of putative TFs in spermatogonia using the ComplexHeatmap R package.




2.10 Peak calling and motif analysis

Peak calling was performed using the CallPeaks function of MACS2 software (https://github.com/taoliu/MACS, v2.1.2.20160309). In detail, the number of translocation events per base pair in the genome was first counted. Next, a smooth profile of these events was produced with a 401-bp moving window around each base pair. Finally, the signal threshold was set at the ratio of 1/5 to determine whether the region is a peak signal or a noise. The default threshold of the q value used by MACS2 was 0.05. Differentially accessible peaks among different cell types were identified using the FindMarkers function of the Signac package. CoveragePlot function was used to visualize genome browser views of Wnt pathway genes. JASPAR2020 (https://jaspar.genereg.net/) database was used to index motif information of TFs. TFs motif activities were computed using the chromVar package. Motif analysis was carried out with the FindMotifs function of the Signac package. Motifs with p-values <0.05 were visualized using the MotifPlot function.




2.11 Spatial transcriptomic analysis

We collected marker genes of each cell type from previous research (15). Then, we calculated the cell type scores of each voxel with the AUCell method according to these marker genes. By applying the SpatialFeaturePlot function of Seurat, we visualized the cell type score of each voxel. Similarly, we collected a gene set of hallmark Wnt signaling from MsigDB. We visualized the Wnt signaling using the SpatialFeaturePlot function.




2.12 Proteomics data analysis

Proteomics data of NOA (n = 9) and normal (n = 9) samples were downloaded as raw profile data (.raw) from a previous study (Supplementary Table S5) (26). Proteomics data analysis was performed using Progenesis QI for Proteomics version 4.1 (Nonlinear dynamics, Waters Corporation, Milford, MA, USA). Raw profile data (.raw) of the 18 samples were imported into Progenesis QI for Proteomics with low energy and high energy threshold set to auto and data lock mass-corrected. Next, normalization of the protein abundances was performed utilizing the default method “Normalize to all proteins” by which protein amounts in individual runs are normalized to one run automatically selected as the normalization reference.




2.13 Statistical analysis

All statistical analyses were compiled in R (v4.1.0). Student’s t-test was conducted for comparison between the two groups. ANOVA was used to determine the significance among three or more than three groups. Correlation coefficients were computed using Pearson’s correlation. Parameters were defaulted if there was no indication. p < 0.05 was considered significant. *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001.





3 Results



3.1 Identification of a hub gene module expressing Wnt signaling in NOA

We analyzed the gene expression data of 29 samples (3 normal and 26 NOA) in GSE45885. For further analysis of the heterogeneity of NOA, we conducted unsupervised clustering with the 29 samples (Figure 1A). Consequently, we obtained four clusters, with C1 as the normal group and other groups as the NOA group, which not only suggested the transcriptomic difference between normal and NOA samples but also revealed the heterogeneity within different NOA samples, which were further substantiated by principal component analysis (PCA) (Figure S1A). GO enrichment analysis showed unique enriched GO terms of these four clusters, including spermatid development for the C1 group, meiotic cell cycle for the C2 group, immune response for the C3 group, and negative regulation of cell adhesion for the C4 group, which indicated substantial heterogeneity within NOA (Figure 1C). In order to precisely identify the difference in molecular pathways among these clusters that we accessed, setting the cutoff criterion as |log2(FC)| > 1 and p < 0.01, we identified 4,020 differentially expressed genes (DEGs) (Figure 1B). We intersected gene modules based on DEGs calculated by WGCNA and MEGENA algorithms to determine hub modules highly expressed in NOA. In WGCNA, we divided 4,020 DEGs into seven gene modules (Figure 1D; Figure S1B). The heat map shows that the blue and red gene modules are highly correlated with NOA (Figure 1E). In the MEGENA, we identified 242 modules in 4,020 DEGs, and we found a large degree of overlap between the blue module of WGCNA and the MEGENA-C1_3 module (Figures 1F, G). Further, we demonstrated the expression levels of these 16 overlapping genes to be upregulated in NOA samples (Figure S1C). Subsequently, we found that the Wnt pathway was enriched in the hub gene module, which suggested potential biological functions to induce the occurrence and promotion of NOA (Figure 1H).




Figure 1 | Identification of a NOA-specific hub gene module expressing Wnt signaling. (A) The 29 samples were split into four clusters by the consensus clustering matrix (k = 4). All of the normal samples were just categorized into cluster 1. (B) Venn diagram was used to preserve 4,020 genes specific to NOA. (C) Enriched GO terms and p-value of four clusters. (D) The cluster dendrogram of 4,020 differentially expressed genes. (E) The heat map shows the relationship between gene modules and clinical characteristics. Each cell contains the corresponding correlation coefficient and p-value. Dashed red squares indicate gene modules highly correlated with NOA. (F) Intergenic connectivity of genes in MEGENA_C1_3 and identification of hub genes. (G) Venn diagram showing all identified hub genes and their overlap in WGCNA-blue and MEGENA-C1_3. (H) GO enrichment analysis was performed on the overlapping genes. Dashed red squares indicate Wnt signaling. NOA, non-obstructive azoospermia; GO, Gene Ontology.






3.2 Landscape of scRNA-seq of NOA

Additionally, we comprehensively investigated the biological significance of Wnt signaling in NOA at single-cell resolution. We obtained the scRNA-seq data of 29 samples (7 NOA and 22 normal samples) from Nie et al. (13). and Zhao et al. (14). After quality control, normalization, and removal of the batch effect, we detected a total of 61,622 cells colored by sample origins (Figure S2A). According to markers from previous research (15), we identified seven cell types using the UMAP method (Figures 2A, B), including Leydig cells (expressing IGF1), peritubular cells (expressing WFDC1), Sertoli cells (expressing SOX9), germ cells (expressing TNP1), endotheliocytes (expressing VWF), smooth muscle cells (expressing NOTCH3), and macrophages (expressing CD163). Cells from NOA and normal samples were well-distributed, indicating the removal of the batch effect (Figure 2E). The proportion of each cell type shows a large variation in the proportion of Leydig cells, peritubular cells, and germ cells between NOA and normal samples (Figure 2F). As germ cells have dramatic effects on the etiology of NOA, we further identified the subpopulations of germ cells (Figure 2C), including spermatogonia (expressing SMS, ALDH1A1, KIT, and TKTL1), spermatocyte (expressing PIWIL1 and OVOL2), and spermatid (expressing PRM3, ACR, TEX29, and ACRV1) (Figures S2B–D). Cell type proportion plot illustrates high proportion of spermatogonia whereas low proportion of spermatocyte and spermatid in NOA (Figure 2G). To determine whether this was due to failure of spermatogonia differentiation, we extracted spermatogonia for further downstream analysis (Figure 2D).




Figure 2 | Single-cell RNA-seq of NOA and normal samples. (A) UMAP plots of known marker genes of each major cell type. (B–D) UMAP plots of all cells from 29 NOA and normal samples (left panel), germ cells (middle panel), and spermatogonia (right panel). Colored by cell types. (E) UMAP plots of all cells, colored by tissue origin. (F) The proportions of each cell cluster in NOA and normal samples. (G) The proportions of each germ cell cluster in NOA and normal samples. NOA, non-obstructive azoospermia; UMAP, uniform manifold approximation and projection.






3.3 Dysfunctional Wnt signaling pathway of spermatogonia in NOA

After extracting spermatogonia, we scored the activities of spermatogenesis and Wnt signaling from MsigDB hallmark gene sets (http://www.gsea-msigdb.org/gsea/msigdb) using AUCell. In line with the theoretical expectation, spermatogonia in NOA had a lower spermatogenesis score (Figures 3A, B). Separately, we found a lower Wnt signaling score in the spermatogonia of NOA (Figures 3C, D). Then, to identify the potential role of downregulated Wnt signaling in NOA, we performed GO analysis, and the results suggested that the negative regulation of the Wnt signaling pathway was more intense in NOA than in normal (Figure 3E). Surprisingly, we also found that circadian rhythms were different in NOA and normal. Next, we explored cell-type interactions through the Wnt signaling pathway using CellChat. CellChat predicted that there were more Wnt signaling interactions in normal spermatogonia (Figures 3F, G). Finally, we tested the expression of Wnt pathway genes. The results display decreasing expression of Wnt pathway genes in spermatogonia of NOA (Figures 3H–K). Taking these results together, we suggest that there is a dysfunctional Wnt signaling pathway in the spermatogonia of NOA. To assess the Wnt signaling pathway at the protein level, we download proteomics data of NOA (n = 9) and normal (n = 9) samples from a previous study (26). We tested the expression of two proteins related to Wnt signaling (WNT3 and WNT5A). The results displayed decreasing expression of WNT3 and WNT5A proteins in NOA samples (Figure S4A).




Figure 3 | Different strengths of Wnt signaling pathway exist within spermatogonia. (A, C) Density scatterplots of hallmark spermatogenesis gene set (left panel) and of hallmark Wnt beta-catenin signaling gene set (right panel) in spermatogonia. (B, D) Half-violin plots showing the AUCell scores of spermatogenesis gene set (left panel) and of Wnt signaling gene set (right panel) in spermatogonia between NOA and normal samples. (E) Enriched GO terms of spermatogonia. (F, G) The inferred signaling pathway between the spermatogonia and other cell types. WNT signaling pathway (upper panel). Non-canonical Wnt (ncWnt) signaling pathway (lower panel). The line thickness is proportional to the number of ligand–receptor pairs. (H–K) UMAP plots show activities of the Wnt pathway genes in spermatogonia (left panel). Violin plots show the expression of corresponding genes in spermatogonia across NOA and normal samples. NOA, non-obstructive azoospermia; GO, Gene Ontology; UMAP, uniform manifold approximation and projection.






3.4 Identification of key genes correlated with dysfunctional Wnt signaling in spermatogonia of NOA

To discover the key genes driving dysfunctional Wnt signaling in NOA, we used hdWGCNA, which was designed specifically for scRNA-seq to find core genes. By using the soft threshold power of 12 (scale-free R2 = 0.85) (Figures 4A, B), we divided genes in spermatogonia into 11 gene modules (Figure 4C). Then, we applied correlation analysis to find the biological correlation between gene modules and important traits. Fortunately, we used a gene module for our correlation analysis—the turquoise module. The turquoise module had a significantly high positive relationship with NOA and the hallmark of Wnt signaling (Figure 4D). The top 25 genes with the highest correlation degree in the turquoise module are exhibited in Figure 4E. To determine the function that this gene module may be involved in, we carried out GO annotation. The GO annotation identified functions, which include response to oxidative stress, circadian rhythm, and inflammatory response (Figure 4F).




Figure 4 | Identification of a hub gene module correlated with NOA in spermatogonia. (A) The relationship between the scale-free fit index and various soft-thresholding powers. (B) The relationship between the mean connectivity and various soft-thresholding powers. (C) The cluster dendrogram of all genes in spermatogonia. Branches of the cluster dendrogram of the most connected genes gave rise to 11 gene co-expression modules. (D) Heat map of the correlation between module eigengenes and phenotype (normal, NOA, and hallmark Wnt signaling score). Dashed red square indicates gene module correlated with NOA (*<0.05, **<0.01, ***<0.001, and ****<0.0001). (E) Intergenic connectivity of genes in turquoise module. (F) GO enrichment analysis was performed on the genes of turquoise module. Dashed red square indicates negative regulation of Wnt signaling. NOA, non-obstructive azoospermia; GO, Gene Ontology.






3.5 Landscape of scATAC-seq of normal testis

To further delineate the regulatory network controlling Wnt signaling in spermatogenesis, we profiled scATAC-seq of normal testis from Garcia-Alonso et al. (15). We predicted cell types of scATAC-seq based on anchor points of our former scRNA-seq. We isolated 619 cells from 750 cells with prediction scores greater than 0.3 (Figure 5A). These 619 cells and their corresponding cell types, including Leydig cells, peritubular cells, Sertoli cells, spermatogonia, spermatocyte, spermatid, and macrophages, are shown in Figure 5B. We did not identify endotheliocytes and smooth muscle cells. The genome browser views of known marker genes (SOX9 for Sertoli cells, IGF1 for Leydig cells, SMS for spermatogonia, PIWIL1 for spermatocyte, ACR for spermatid, CD163 for macrophages, and WFDC1 for peritubular cells) demonstrated the accuracy of cell type annotation (Figure 5C).




Figure 5 | ScATAC-seq of normal testis. (A) Cell number of different scATAC-seq cell prediction scores displayed by bar plot. We set 0.3 as threshold (red dashed line) to select cells for the following analysis. (B) UMAP of scATAC-seq data showing all the high-quality filtered single cells. (C) Genome browser views of scATAC-seq for the marker genes in scRNA-seq. scATAC-seq, single-cell assay for transposase-accessible chromatin sequencing; UMAP, uniform manifold approximation and projection.






3.6 Transcription factors that regulate Wnt signaling pathway

Having constructed scATAC-seq of the normal testis, we set out to find transcription factors that regulate Wnt signaling. We first speculated putative transcription factors in spermatogonia with pySCENIC. As expected, spermatogonia in NOA and normal samples were driven by respective TFs, including BHLHE40, MYB, ZNF831, GATA1, and BATF for NOA spermatogonia, and TCF1, LEF1, CTCF, AR, and ESRRA for normal spermatogonia (Figure 6A). Consistently, a previous study has shown that TCF1 and LEF1 function to maintain the activation of Wnt signaling (27). We then focus on the relationships between these inferred transcription factors and Wnt signaling. Based on scATAC-seq of the normal testis, we found Wnt pathway genes, like WNT10B, WNT3A, and WNT3, to be specifically and prominently expressed in spermatogonia (Figures 6B–D). Further analysis revealed that motifs were found with high accessibility enriched in the upstream region close to Wnt pathway genes. We uncovered TFs (like CTCF, AR, and ARNTL) as the enriched motifs (Figures 6B–D). Coincidentally, we also found the same TFs (CTCF and AR) using pySCENIC in scRNA-seq (Figure 6A). Thus, our scATAC-seq confirmed the reliability of these TFs generated from pySCENIC. In humans, CTCF, as a zinc-finger DNA-binding protein, is required to activate meiotic genes for a complete spermatogenesis program (28). AR (known as androgen receptor) plays an unmistakable role in the development of male reproductive functions (29). ARNTL is a critical transcription factor controlling circadian rhythm (30). Our study is the first to use single-cell multi-omics analysis to find if these TFs (CTCF, AR, and ARNTL) exert functions in the normal spermatogonia, probably by maintaining the Wnt pathway. The single-cell multi-omics analysis is advantageous for the comprehensive understanding of the role of these TFs in normal spermatogonia. Here, for the first time, we found that these TFs (CTCF, AR, and ARNTL) exert functions in the normal spermatogonia, probably by maintaining the Wnt pathway.




Figure 6 | Analysis of relationships among spermatogonia, Wnt pathway genes, and TFs (CTCF, AR, and ARNTL). (A) The heat map shows the inferred activities of TFs in spermatogonia underlying NOA and normal samples. (B–D) Regions of enriching peaks upstream of WNT10B (Chr12) (B), WNT3A (Chr1) (C), and WNT3 (Chr17) (D). Motifs located in this region are annotated. Summary table for the annotated motifs is shown on the right. TFs, transcription factors; NOA, non-obstructive azoospermia.






3.7 Expression of CTCF, AR, and ARNTL in NOA samples

In order to validate the association between the expression of CTCF, AR, and ARNTL and Wnt signaling in spermatogonia, we performed a correlation analysis between the activity of Wnt signaling and the expression of these three TFs using the FeatureScatter function in Seurat. The results showed that the levels of CTCF, AR, and ARNTL were significantly positively correlated with hallmark WNT signaling (p < 2.2e−16, p < 3.1e−11, and p < 3.6e−15, respectively) (Figure 7A). Next, we collected five RNA-seq datasets to compare the expression of three TFs in NOA and normal samples. The downward trend was pronounced in NOA samples (Figures 7B–E; S3A). As previously mentioned, we found that these three TFs exert functions in the normal spermatogonia (Figures 6A–D). Consistent with this finding, here, we concluded that low expression of CTCF, AR, and ARNTL correlates with NOA.




Figure 7 | Expression of CTCF, AR, and ARNTL in scRNA-seq and RNA-seq. (A) The relationship between the expression of three TFs and hallmark Wnt signaling in spermatogonia of scRNA-seq. (B–E) Expression of three TFs between NOA and normal samples in GSE45885 (B), GSE9210 (C), GSE108886 (D), and GSE145467 (E). (*<0.05, **<0.01, ***<0.001, and ****<0.0001) and those with p-values >0.05 as not significant “ns”. ScRNA-seq, single-cell RNA sequencing; RNA-seq, RNA sequencing; TFs, transcription factors; NOA, non-obstructive azoospermia.






3.8 The cell type spatial distribution of Wnt signaling

To further illustrate the spatial localization of Wnt signaling, we used a spatial transcriptomics dataset of testis from Garcia-Alonso et al. (15). The dataset contains three consecutive spatial transcriptomics slides of the normal testis. By applying the SpatialFeaturePlot function of Seurat, we annotated cell types by calculating marker gene scores for cell types of interest with the AUCell method. Rete testis is comprised mainly of epithelial cells (Figures 8D, F). Spermatogonia, Sertoli cells, and Leydig cells were distributed at the periphery of the rete testis (Figures 8A–C). Spatial localization of the Wnt signaling-enriched voxels resembled the distribution patterns of spermatogonia, Sertoli cells, and Leydig cells on the slide (Figure 8E).




Figure 8 | Spatial transcriptomic analysis of Wnt signaling in the testis. (A–D) Cell type inference of spatial voxels from three consecutive spatial transcriptomics slides of a 14 postconceptional week testis. Gene expressions in the dorsolateral prefrontal cortex were profiled from 10-μm serial tissue sections by the 10X Genomics Visium platform. Color intensity is proportional to cell type-specific gene expression in the scRNA-seq dataset. (E) The spatial voxels enriched for the Wnt signaling. For each spatial voxel, the enrichment score was calculated by the GSEA method, which tested whether the Wnt signaling was enriched in the highly expressed genes. (F) The corresponding histology testis slide. ScRNA-seq, single-cell RNA sequencing; GSEA, gene set enrichment analysis.







4 Discussion

The role of spermatogonia for reproductive function is like the role of fuel for rockets, providing a constant stream of spermatocytes to differentiate into spermatozoa (31). Although an increasing body of evidence suggested the essential role of spermatogonia in the complete spermatogenic process, the alteration in cellular signaling pathways of spermatogonia in the context of NOA remains unknown. Wnt signaling is an evolutionally conserved signaling pathway playing a critical role in development and disease. A previous study has implicated the significant role of the Wnt signaling pathway in multiple stages of spermatogenesis (32). However, Wnt signaling activity in NOA patients has not been described previously. In this study, we explored the Wnt signaling activity of normal and NOA spermatogonia in a multi-omics approach.

Our research suggested that the Wnt signaling pathway is significantly enriched in the hub gene module in the occurrence of NOA by analyzing bulk RNA-seq. By performing WGCNA and MEGENA to the DEGs between normal and NOA samples, we obtained the hub gene module related to NOA. GO analysis of the hub gene module showed enrichment of the Wnt signaling pathway. Moreover, we found that the Wnt signaling pathway is dysregulated in spermatogonia of NOA by analyzing scRNA-seq. ScRNA-seq allowed us to precisely distinguish cell types at an unparalleled resolution. We collected gene sets of spermatogenesis, the Wnt signaling pathway, and other GO biological processes, and we employed AUCell and GSVA to calculate the enrichment of these gene sets for single cells according to the gene expression on single cells. The dysregulated pathways in spermatogonia of NOA include spermatogenesis, circadian rhythm, and Wnt signaling pathway. This is consistent with the findings of bulk RNA-seq. Other important findings include key TFs of spermatogonia in patients with NOA. Although the possible causes of dysregulated pathways in spermatogonia of NOA patients are unknown, finding key TFs to improve normal spermatogonia might still be useful for treating the disease. By analyzing scATAC-seq, we identified TFs (CTCF, AR, and ARNTL), which were enriched in spermatogonia. Surprisingly, the CoveragePlot function of scATAC-seq indicated that these TFs can be involved in the Wnt signaling pathway. While we had no scATAC-seq data regarding NOA patients, we also found significantly different expressions of these three TFs in NOA by RNA-seq.

Previous studies have demonstrated that these three TFs played a pivotal role in Wnt signaling and spermatogenesis. CTCF, as one of these three TFs, is an upstream regulator implicated in lineage-specific gene regulation (33). Moreover, Wnt signaling in colon cancer requires CTCF binding to oncogenic super-enhancers (34). AR is a transcription factor closely related to spermatogenesis. There are many pieces of evidence suggesting that AR can invoke dynamic changes in the Wnt signaling function including nuclear cotrafficking and transrepression (35). ARNTL, also referred to as BMAL1, is a key regulator of the circadian clock network that imparts temporal regulation to diverse biological processes including spermatogenesis (36). Guo et al. demonstrated that attenuation of ARNTL function resulted in the downregulation of genes in the Wnt pathway (37). However, single-cell multi-omics analysis has never been used in these previous studies. The single-cell multi-omics analysis is beneficial for enhancing a comprehensive understanding of cellular events. Our study is the first to use single-cell multi-omics analysis to find if these TFs (CTCF, AR, and ARNTL) were involved in the regulation of spermatogonia in NOA patients, possibly by regulating Wnt signaling.

Overall, in our study, we found dysfunctional Wnt signaling of spermatogonia in NOA, and three TFs may be involved in this dysfunctional Wnt signaling using multi-omics analysis. These findings provide a new mechanism for NOA and new therapeutic targets for NOA patients. However, there are limitations to our study. Sequencing data cannot reveal all the details of dysfunctional Wnt signaling in spermatogonia of NOA. Molecular experiments, such as immunohistochemistry experiments or gene knockdown experiments, are required. In addition, further studies to prove that these TFs can regulate Wnt signaling to effectively treat NOA are needed.




5 Conclusion

NOA is a desperate and devastating disease for men who have a desire for fertility. We obtained RNA-seq, scRNA-seq, scATAC-seq, and spatial transcriptomic data of normal and NOA samples. We found dysfunctional Wnt signaling of spermatogonia in NOA, and three TFs may be involved in this dysfunctional Wnt signaling. Collectively, these findings provide a new mechanism for NOA and new therapeutic targets for NOA patients.





Data availability statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found in the article/Supplementary Material.





Ethics statement

All the gene expression data and clinical information used in this study have been approved by the Ethics Committees at the corresponding public institutions.





Author contributions

SZ and CL conceptualized and designed the study. SZ and LC collected the data. SZ and XL analyzed data. SZ and HT wrote and contributed to the manuscript. LC and XL revised the manuscript. All authors contributed to the article and approved the submitted version.




Acknowledgments

The authors appreciate the GEO database.





Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fendo.2023.1138386/full#supplementary-material




References

1. Yao, C, Yuan, Q, Niu, M, Fu, H, Zhou, F, Zhang, W, et al. Distinct expression profiles and novel targets of MicroRNAs in human spermatogonia, pachytene spermatocytes, and round spermatids between OA patients and NOA patients. Mol Ther Nucleic Acids (2017) 9:182–94. doi: 10.1016/j.omtn.2017.09.007

2. Wyrwoll, MJ, Temel, SG, Nagirnaja, L, Oud, MS, Lopes, AM, van der Heijden, GW, et al. Bi-allelic mutations in M1AP are a frequent cause of meiotic arrest and severely impaired spermatogenesis leading to Male infertility. Am J Hum Genet (2020) 107(2):342–51. doi: 10.1016/j.ajhg.2020.06.010

3. Gliki, G, Ebnet, K, Aurrand-Lions, M, Imhof, BA, and Adams, RH. Spermatid differentiation requires the assembly of a cell polarity complex downstream of junctional adhesion molecule-c. Nature (2004) 431(7006):320–4. doi: 10.1038/nature02877

4. Takase, HM, and Nusse, R. Paracrine wnt/beta-catenin signaling mediates proliferation of undifferentiated spermatogonia in the adult mouse testis. Proc Natl Acad Sci U.S.A. (2016) 113(11):E1489–97. doi: 10.1073/pnas.1601461113

5. Wang, X, Qu, M, Li, Z, Long, Y, Hong, K, and Li, H. Valproic acid promotes the in vitro differentiation of human pluripotent stem cells into spermatogonial stem cell-like cells. Stem Cell Res Ther (2021) 12(1):553. doi: 10.1186/s13287-021-02621-1

6. Ogawa, T, Dobrinski, I, Avarbock, MR, and Brinster, RL. Transplantation of male germ line stem cells restores fertility in infertile mice. Nat Med (2000) 6(1):29–34. doi: 10.1038/71496

7. Akhade, VS, Dighe, SN, Kataruka, S, and Rao, MR. Mechanism of wnt signaling induced down regulation of mrhl long non-coding RNA in mouse spermatogonial cells. Nucleic Acids Res (2016) 44(1):387–401. doi: 10.1093/nar/gkv1023

8. Koch, S, Acebron, SP, Herbst, J, Hatiboglu, G, and Niehrs, C. Post-transcriptional wnt signaling governs epididymal sperm maturation. Cell (2015) 163(5):1225–36. doi: 10.1016/j.cell.2015.10.029

9. Guo, H, Zhang, D, Zhou, Y, Sun, L, Li, C, Luo, X, et al. Casein kinase 1alpha regulates testosterone synthesis and testis development in adult mice. Endocrinology (2023) 164(5). doi: 10.1210/endocr/bqad042

10. Olaniru, OE, Hook, P, and Persaud, SJ. Using single-cell multi-omics screening of human fetal pancreas to identify novel players in human beta cell development. Diabetes Med (2022) 39(12):e14992. doi: 10.1111/dme.14992

11. Green, CD, Ma, Q, Manske, GL, Shami, AN, Zheng, X, Marini, S, et al. A comprehensive roadmap of murine spermatogenesis defined by single-cell RNA-seq. Dev Cell (2018) 46(5):651–67.e10. doi: 10.1016/j.devcel.2018.07.025

12. Wu, X, Lu, M, Yun, D, Gao, S, Chen, S, Hu, L, et al. Single-cell ATAC-seq reveals cell type-specific transcriptional regulation and unique chromatin accessibility in human spermatogenesis. Hum Mol Genet (2022) 31(3):321–33. doi: 10.1093/hmg/ddab006

13. Nie, X, Munyoki, SK, Sukhwani, M, Schmid, N, Missel, A, Emery, BR, et al. Single-cell analysis of human testis aging and correlation with elevated body mass index. Dev Cell (2022) 57(9):1160–76.e5. doi: 10.1016/j.devcel.2022.04.004

14. Zhao, L, Yao, C, Xing, X, Jing, T, Li, P, Zhu, Z, et al. Single-cell analysis of developing and azoospermia human testicles reveals central role of sertoli cells. Nat Commun (2020) 11(1):5683. doi: 10.1038/s41467-020-19414-4

15. Garcia-Alonso, L, Lorenzi, V, Mazzeo, CI, Alves-Lopes, JP, Roberts, K, Sancho-Serra, C, et al. Single-cell roadmap of human gonadal development. Nature (2022) 607(7919):540–7. doi: 10.1038/s41586-022-04918-4

16. Luo, Y, Coskun, V, Liang, A, Yu, J, Cheng, L, Ge, W, et al. Single-cell transcriptome analyses reveal signals to activate dormant neural stem cells. Cell (2015) 161(5):1175–86. doi: 10.1016/j.cell.2015.04.001

17. Wang, Y, Yi, N, Hu, Y, Zhou, X, Jiang, H, Lin, Q, et al. Molecular signatures and networks of cardiomyocyte differentiation in humans and mice. Mol Ther Nucleic Acids (2020) 21:696–711. doi: 10.1016/j.omtn.2020.07.011

18. Wang, L, Liu, X, Liu, Z, Wang, Y, Fan, M, Yin, J, et al. Network models of prostate cancer immune microenvironments identify ROMO1 as heterogeneity and prognostic marker. Sci Rep (2022) 12(1):192. doi: 10.1038/s41598-021-03946-w

19. Song, WM, and Zhang, B. Multiscale embedded gene Co-expression network analysis. PloS Comput Biol (2015) 11(11):e1004574. doi: 10.1371/journal.pcbi.1004574

20. Hekking, PP, Loza, MJ, Pavlidis, S, De Meulder, B, Lefaudeux, D, Baribaud, F, et al. Transcriptomic gene signatures associated with persistent airflow limitation in patients with severe asthma. Eur Respir J (2017) 50(3). doi: 10.1183/13993003.02298-2016

21. Holland, CH, Tanevski, J, Perales-Paton, J, Gleixner, J, Kumar, MP, Mereu, E, et al. Robustness and applicability of transcription factor and pathway analysis tools on single-cell RNA-seq data. Genome Biol (2020) 21(1):36. doi: 10.1186/s13059-020-1949-z

22. Liberzon, A, Birger, C, Thorvaldsdottir, H, Ghandi, M, Mesirov, JP, and Tamayo, P. The molecular signatures database (MSigDB) hallmark gene set collection. Cell Syst (2015) 1(6):417–25. doi: 10.1016/j.cels.2015.12.004

23. Liu, Z, Sun, D, and Wang, C. Evaluation of cell-cell interaction methods by integrating single-cell RNA sequencing data with spatial information. Genome Biol (2022) 23(1):218. doi: 10.1186/s13059-022-02783-y

24. Shrestha, S, Erikson, G, Lyon, J, Spigelman, AF, Bautista, A, Manning Fox, JE, et al. Aging compromises human islet beta cell function and identity by decreasing transcription factor activity and inducing ER stress. Sci Adv (2022) 8(40):eabo3932. doi: 10.1126/sciadv.abo3932

25. Suo, S, Zhu, Q, Saadatpour, A, Fei, L, Guo, G, and Yuan, GC. Revealing the critical regulators of cell identity in the mouse cell atlas. Cell Rep (2018) 25(6):1436–45.e3. doi: 10.1016/j.celrep.2018.10.045

26. Davalieva, K, Rusevski, A, Velkov, M, Noveski, P, Kubelka-Sabit, K, Filipovski, V, et al. Comparative proteomics analysis of human FFPE testicular tissues reveals new candidate biomarkers for distinction among azoospermia types and subtypes. J Proteomics (2022) 267:104686. doi: 10.1016/j.jprot.2022.104686

27. Zhao, X, Shan, Q, and Xue, HH. TCF1 in T cell immunity: a broadened frontier. Nat Rev Immunol (2022) 22(3):147–57. doi: 10.1038/s41577-021-00563-6

28. Rivero-Hinojosa, S, Pugacheva, EM, Kang, S, Mendez-Catala, CF, Kovalchuk, AL, Strunnikov, AV, et al. The combined action of CTCF and its testis-specific paralog BORIS is essential for spermatogenesis. Nat Commun (2021) 12(1):3846. doi: 10.1038/s41467-021-24140-6

29. Zhang, FP, Malinen, M, Mehmood, A, Lehtiniemi, T, Jaaskelainen, T, Niskanen, EA, et al. Lack of androgen receptor SUMOylation results in male infertility due to epididymal dysfunction. Nat Commun (2019) 10(1):777. doi: 10.1038/s41467-019-08730-z

30. Janich, P, Pascual, G, Merlos-Suarez, A, Batlle, E, Ripperger, J, Albrecht, U, et al. The circadian molecular clock creates epidermal stem cell heterogeneity. Nature (2011) 480(7376):209–14. doi: 10.1038/nature10649

31. Moore, L, Cagan, A, Coorens, THH, Neville, MDC, Sanghvi, R, Sanders, MA, et al. The mutational landscape of human somatic and germline cells. Nature (2021) 597(7876):381–6. doi: 10.1038/s41586-021-03822-7

32. Jeays-Ward, K, Dandonneau, M, and Swain, A. Wnt4 is required for proper male as well as female sexual development. Dev Biol (2004) 276(2):431–40. doi: 10.1016/j.ydbio.2004.08.049

33. Phillips, JE, and Corces, VG. CTCF: master weaver of the genome. Cell (2009) 137(7):1194–211. doi: 10.1016/j.cell.2009.06.001

34. Chachoua, I, Tzelepis, I, Dai, H, Lim, JP, Lewandowska-Ronnegren, A, Casagrande, FB, et al. Canonical WNT signaling-dependent gating of MYC requires a noncanonical CTCF function at a distal binding site. Nat Commun (2022) 13(1):204. doi: 10.1038/s41467-021-27868-3

35. Mulholland, DJ, Dedhar, S, Coetzee, GA, and Nelson, CC. Interaction of nuclear receptors with the wnt/beta-catenin/Tcf signaling axis: wnt you like to know? Endocr Rev (2005) 26(7):898–915. doi: 10.1210/er.2003-0034

36. Chatterjee, S, Nam, D, Guo, B, Kim, JM, Winnier, GE, Lee, J, et al. Brain and muscle arnt-like 1 is a key regulator of myogenesis. J Cell Sci (2013) 126(Pt 10):2213–24. doi: 10.1242/jcs.120519

37. Guo, B, Chatterjee, S, Li, L, Kim, JM, Lee, J, Yechoor, VK, et al. The clock gene, brain and muscle arnt-like 1, regulates adipogenesis via wnt signaling pathway. FASEB J (2012) 26(8):3453–63. doi: 10.1096/fj.12-205781




Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.


Copyright © 2023 Zeng, Chen, Liu, Tang, Wu and Liu. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fendo-14-1138386-g006.jpg
TF regulons underlying spermatogonia in ScRNA-seq

BHLHE40

MYB
2ZNF831

v Gl v i ]
Leydig Cells == o]
Spermatogonia & AL CTCF . 0.0158
zperma?me A HNF4A | 0.0197
lacrophages [ ——
e " NRID1T | 0.0228
Peritubular Cells a vy NR2F1 ¢ 0.0238
WNT10B
43335000 49380000 9765000 493703
chri2 position (bp) (oo Mimon, CTCF
Sertoli Cells
LeydigCes | | .
Spermatogonia | L., S
Spermatocyte | |, A A
Macrophages N
Spermatid ul L
Peritubular Cells
3 WNT3A
/ 5 P - - =1
a 228200000 228220000 228240000
chr position (bp)
B TOTGe A
Sertoli Cells =
Leydig Cells
Spesabugs . u CUX1 ; 0.0200
Spermatocyte 1 —— ARNTL § 0.0222
Macrophages 1 L ARNT 0.0340
Spermatid 1 abile BHLHE40 : 0.0360
Peritubular Cells i L
WNT3
44840000 44860000 44830000 Aasonon N
chr17 position (bp) CACGTG —






OEBPS/Images/fendo.2023.1138386_cover.jpg
& frontiers | Frontiers in Endocrinology

Single-cell multi-omics analysis reveals
dysfunctional Wnt signaling of
spermatogonia in non-obstructive
azoospermia





OEBPS/Images/fendo-14-1138386-g004.jpg
>

Scale-free Topology Model Fit

10 20
Soft Power Threshold

(]
Spermatogonia hdWGCNA Dendrogram
o
25000 -
= jl
G 4,000 e
8 -
c S 3
€ 3,000 B
Q % b
2 2,000 ©,
3 ©
1,000 e
2 w
0 +4 18 18-2022-24 25 28 30
30 0

10 20 30 Module
Soft Power Threshold colors

Module-trait relationships

r—"

dkdk kkk kkk kkk ***I sk I***
|
[
I
*kk * k% *kk dkk *kk I I***
I
I |
kkk  kkk  kkk  kkk ***H kK I***
-
Module 3 N N & '\\J .6\%@ >
colors % & & @06\% L‘i-! ¢
Correlation
-10 -05 0.0
F
turquoise
IRS2
/6 sg78
AN 1%;R1
MYAQM AHNAK
o o 4 ___,_'D“SPG

CDKN1A

SI@ZA5' 22

P13

; NT[%‘AIF;@):  NgaA3

*x% xxx xkx %% Hallmark Wnt Signaling
*kk *kk *kk *kk NOA
*%k%x  *x%  *x%  xx%x  Normal
& ﬁ?}\O\“ @%‘;00@ Q‘§Q\®
05 10

protein serine/threonine kinase activity

oxidative stress—induced cell death

Circadian regulation of gene expression

—Reguiation of response fo oxidafive siress

Negative regulation of canonical \Wnt signaling pathway

gpe2 e e e e S i e S

response to reactive oxygen species

Response to oxidative stress
-log10(pvalue)
8

Circadian rhythm

inflammatory response

0 5 10
Gene Count





OEBPS/Images/fendo-14-1138386-g001.jpg
A B C

consensus matrix k=4

4020 DEGs
A
rC1 VS C2 c1vs C3-I
Enriched GO terms P value
I I Spermatid development 1.38E-12
Sperm motility 9.55E-10
Germ cell development - | 9.23£-08
I | sample 4
I I Wcs Cilium movement 1.18E-29
Meiotic cell cycle 5.34E-17
L c1vsca _I Z-szcore 'Mitoﬂc sister chromatid segregation 7.43E-11
— — —
F
0
-1 - .
- Negative regulation of chemotaxis 2.85E-04
D Cluster Dendrogram 2 Natural killer cell mediated cytotoxicity| 7.93E-03
Negative regulation of innate 8.15E-03
immune response
09
= 08
£
2
2 —
07 Cell-substrate adhesion 9.27E-27
Extracellular matrix organization 3.52E-14
Negative regulation of cell adhesion | 3.13E-13
06
05
Hodiecors _
E F MEGENA-C1_3
Module-trait relationships
MEblue 1
NROB1 Gpcs
MET, NDRG4
MEgreen o AAKATS,,
05 DS, PLS3 PTPRK
BTG2 “”‘211 Y Pl s
MEred MEIST su::z} ﬂns Asores2
RNF213 4 SH SQRDL 4 A TpaB1
MEblack A tc 8 e
ach 0 LRP, PELO
Lo W= AAPEG!H A
YAP1 NIOGA Soxg
ATP10L Araios
MEyellow o RP‘A A GPR37
-05 RBMS3 5B a5 CLONTT
MEturquoise
MEbrown =4
& de.sh
& s node.shape gene A hub.gene
RO <~
H

I Regulation of Wnt signaling pathway { ~log10(pvalue)
= Wnt signaling pathway 1 I 250
225
Cell-cell signaling by Wnt I ’
- l-----LJLq' 200
SORBS2 Cell growth s
RNF213 Positive regulation of intracellular steroid |
e Hormoge receptor signaling pathway .
ATP10D Positive regulation of stem cell population -
é::gg:e Maintenance
KAT2B Notch signaling pathway -
RERG
CMARP RNA surveillance -
oo Trophectodermal cell differentiation 1
YAP1
PTPRK Regulation of centriole replication |
0 | 2 3

Gene Count





OEBPS/Images/fendo-14-1138386-g008.jpg
A B Cc

0.0 0.5 1.0

00 05 10 15 00 04 08 12 16

e

D

E F

WNT signaing L TN

0.000.250.500.751.001.25

Epithelial cells

D
=

0 1 2






OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Single-cell multi-omics analysis reveals dysfunctional Wnt signaling of spermatogonia in non-obstructive azoospermia

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Data source

          



          		

            2.2 Data procession

          



          		

            2.3 Unsupervised clustering and GO enrichment analysis

          



          		

            2.4 Weighted gene co-expression network analysis

          



          		

            2.5 Multiscale embedded gene co-expression network analysis

          



          		

            2.6 Gene set variation analysis and AUCell

          



          		

            2.7 Cell communication analysis

          



          		

            2.8 High-dimensional weighted gene co-expression network analysis

          



          		

            2.9 Single-cell regulatory network inference and clustering for Python

          



          		

            2.10 Peak calling and motif analysis

          



          		

            2.11 Spatial transcriptomic analysis

          



          		

            2.12 Proteomics data analysis

          



          		

            2.13 Statistical analysis

          



        



        



        		

          3 Results

        

          		

            3.1 Identification of a hub gene module expressing Wnt signaling in NOA

          



          		

            3.2 Landscape of scRNA-seq of NOA

          



          		

            3.3 Dysfunctional Wnt signaling pathway of spermatogonia in NOA

          



          		

            3.4 Identification of key genes correlated with dysfunctional Wnt signaling in spermatogonia of NOA

          



          		

            3.5 Landscape of scATAC-seq of normal testis

          



          		

            3.6 Transcription factors that regulate Wnt signaling pathway

          



          		

            3.7 Expression of CTCF, AR, and ARNTL in NOA samples

          



          		

            3.8 The cell type spatial distribution of Wnt signaling

          



        



        



        		

          4 Discussion

        



        		

          5 Conclusion

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fendo-14-1138386-g005.jpg
Frequency

B
SEATAC-SEY SCATAC-seq
T
100 { &
75 | ® Sertoli Cells
t \, ® Leydig Cells
50 { & ® Spermatogonia
® Spermatocyte
25 4 ‘ . ® Macrophages
® Spermatid
013 : : : o ® Peritubular Cells
0.2 0.4 0.6 0.8 z
prediction score 5 N
UMAP_1
chr17: chr12: chrX: chr12: chr12: chr22: chr16:
70115161- 102787645- 21974821- 130827583- 7621409- 51177547- 84326252-
Gene 70124561 102876423 22016714 130858491 7658489 51182582 84365450
SOX9 IGF1 SMS PIWIL1 CD163 ACR WFDC1
Sertoli Cells
k | i o ~ . A
Leydig Cells J
o L oy P _alk.
Spermatogonia ‘
L MM adaL L 4 I "
Spermatocyte 1 '
{ 1 F{ P s -
Macrophages l
I n & u M L ik AJ‘J
Spermatid
11} 1 1 ” M y VP

Peritubular Cells

u |






OEBPS/Images/logo.jpg
, frontiers ’ Frontiers in Endocrinology





OEBPS/Images/fendo-14-1138386-g002.jpg
Leydig Cells Peritubular Cells

SOX9 TNP1 VWF

Sertoli Cells Germ Cells

C

Endotheliocytes

NOTCH3 CD163

Smooth Muscle Cells Macrophages

All Cells

Leydig Cells

Peritubular Cells

Sertoli Cells

Germ Cells
Endotheliocytes -
Smooth Muscle Cells

Macrophages ""'

)
Ty .

Germ Cells

® Spermatogonia

Spermatogonia

3 g

® Spermatid ©® NOA
UMAP_1 ® Spermatocyte ® Normal
E F G
All Cells .
> All Cells Germ Cells
® NOA Q
©® Normal , b
Leydig Cells
¢ f Normal Peritubular Cells Normal N i .
Sertoli Cells perma 'ogonla
Spermatid
Germ cells Spermatocyte
Endotheliocytes P
NOA Smooth Muscle Cells NOA

Macrophages

0.00 0.25 0.50 0.75 1.00

000 025 050 075  1.00
Ratio





OEBPS/Images/fendo-14-1138386-g003.jpg
A

B C D
Hallmark Spermatogenesis Hallmark Spermatogenesis Hallmark Wnt Beta Catenin Signaling Hallmark Wnt Beta Catenin Signaling
. . 0.3
03
2 10 » .
s Density Density
' 2 Cluster
. ol 0.0006 £ Cluster o« . *4 000100 §02 NOA
: 3 8 g 000075 % I
= NOA ) Normal
i - 00004 3 I i A “ 0.00050  §
=1 <01
00002 < . 0.00025
-0
0.0) 0.0
-10 5 0 5 10 N -10 -5 0 5 10 st >
UMAP 1 < o‘é@ UMAP 1 R §o &
(7 o> ¢ o
S & & &
& & & °
& & 5 &
& & o &
= 2 of

Spermatogenesis

Circadian rhythm

Wnt signaling pathway

Negative regulation of
Whnt signaling pathway

sperm flagellum assembly

spermatogenesis exchange of chromosomal proteins
meiotic DNA double strand break formation

cell fate specification involved in pattern specification
positive regulation of fertilization

response to gonadotropin releasing hormone

meiotic sister chromatid cohesion centromeric
Z score

1
! 05
0

!-0.5

cell fate commitment involved in pattern specification
regulation of circadian sleep wake cycle non rem sleep
circadian sleep wake cycle non rem sleep

regulation of wnt signaling pathway

regulation of canonical wnt signaling pathway

non canonical wnt signaling pathway

negative regulation of wnt signaling pathway involved in heart development
negative regulation of wnt signaling pathway

negative regulation of non canonical wnt signaling pathway

negative regulation of canonical wnt signaling pathway

& £
&
S &
& &
&
&£ £
o |
WNT2A

8 4
< D 3 <<
173 e}
& S, NOA E
Z e Normal Z
= w4 =S

0

Spermatogonia
WNT3 K

5 S
@ o
i g2 NoA
= g2 Normal g

< W

0

Spermatogonia

Leydig Cells

Sertoli Cells

Endotheliocytes

L4 Spermatogonia_NOA

Spermatogonia_Normal

ncWhnt signaling pathway network

Endotheliocytes

Spermatogonia_NOA
Spermatogonia_Normal

NOA
Normal

Expression

o = N W b

Spermatogonia

WNT10B

|

Spermatogonia

NOA
Normal

Expression
o = N W N





OEBPS/Images/fendo-14-1138386-g007.jpg
>

Hallmark WNT signaling

Gene expression Gene expression

Gene expression

Gene expression

R=0.58 P<2.2e-16

NOA Normal

NOA Normal

NOA

Normal

R=0.33 P=3.1e-11

CTCF
—p—
=0
NOA Normal
.
o O
H
NOA Normal
ns
.
“olanm o~
NOA Normal

i

NOA Normal

R=0.39 P=3.6e-15

Spermatogonia Cells

n=8966
0  § 2 3 4
ARNTL
ARNTL
ns
o
E GSE45885
Ll
NOA Normal
L]
SO
L GSE9210
NOA Normal
ns
.
GSE108886
e °
NOA Normal
GSE145467

cluster $ NOA E Normal

=

Normal

e

NOA





