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Identifying biomarkers for abdominal aortic aneurysms (AAA) is key to understanding their pathogenesis, developing novel targeted therapeutics, and possibly improving patients outcomes and risk of rupture. Here, we identified AAA biomarkers from public databases using single-cell RNA-sequencing, weighted co-expression network (WGCNA), and differential expression analyses. Additionally, we used the multiple machine learning methods to identify biomarkers that differentiated large AAA from small AAA. Biomarkers were validated using GEO datasets. CIBERSORT was used to assess immune cell infiltration into AAA tissues and investigate the relationship between biomarkers and infiltrating immune cells. Therefore, 288 differentially expressed genes (DEGs) were screened for AAA and normal samples. The identified DEGs were mostly related to inflammatory responses, lipids, and atherosclerosis. For the large and small AAA samples, 17 DEGs, mostly related to necroptosis, were screened. As biomarkers for AAA, G0/G1 switch 2 (G0S2) (Area under the curve [AUC] = 0.861, 0.875, and 0.911, in GSE57691, GSE47472, and GSE7284, respectively) and for large AAA, heparinase (HPSE) (AUC = 0.669 and 0.754, in GSE57691 and GSE98278, respectively) were identified and further verified by qRT-PCR. Immune cell infiltration analysis revealed that the AAA process may be mediated by T follicular helper (Tfh) cells and the large AAA process may also be mediated by Tfh cells, M1, and M2 macrophages. Additionally, G0S2 expression was associated with neutrophils, activated and resting mast cells, M0 and M1 macrophages, regulatory T cells (Tregs), resting dendritic cells, and resting CD4 memory T cells. Moreover, HPSE expression was associated with M0 and M1 macrophages, activated and resting mast cells, Tregs, and resting CD4 memory T cells. Additional, G0S2 may be an effective diagnostic biomarker for AAA, whereas HPSE may be used to confer risk of rupture in large AAAs. Immune cells play a role in the onset and progression of AAA, which may improve its diagnosis and treatment.
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Introduction

Abdominal aortic aneurysm (AAA) is a cardiovascular disease defined by aortic dilation exceeding 50% of the normal aortic diameter, which can lead to aortic rupture and bleeding. Until a rupture event occurs, the patient is usually asymptomatic (1). The incidence of AAA has risen dramatically as the age of the world population increases. Sudden mortality from aneurysm rupture occurs in 60–85% cases, posing a major threat to the health of middle-aged and elderly people (2). Aneurysms with a diameter > 5.5 cm, that rapidly dilate over a short period of time and compromise perfusion to distant organs, are candidates for open surgery or endovascular aortic repair. However, only using these measurements as biomarkers is not high accuracy (3). Continuous monitoring of AAA biological activity is important for reducing mortality and morbidity associated with rupture; however, there is no effective predictive biomarker of AAA diameter (4) or treatment that prevents AAA from growing or rupturing (5, 6). Therefore, it is critical that we elucidate the underlying mechanisms of AAA progression to accurately identify appropriate therapeutic targets.

Single-cell sequencing is a ground-breaking approach that permits the clustering of cells to investigate gene expression variances across groups and differences in cell progression (7, 8). AAA permits the accurate investigation of genetic characteristics at the single-cell level, since it contains a wide variety of cells, including monocytes, T cells, mast cells, and B cells (9). Weighted co-expression network analysis (WGCNA) is a method used in systems biology to explore gene interaction patterns across multiple samples (10). It may be used to find highly co-variant gene sets as well as potential biomarker genes or therapeutic targets based on the gene set interconnectivity and association with clinical characteristics (11).

We utilized public databases to conduct AAA single-cell sequencing, WGCNA analysis, and differential expression analysis to investigate gene variants in AAA and discover possible therapeutic and diagnostic targets. We also performed an additional GEO dataset to confirm our findings. With the fast development of gene microarray technology, along with bioinformatics analysis, gene chip technology can provide a novel and effective technique to investigate the molecular mechanisms of many diseases (12). However, few studies have utilized machine learning approaches, such as the least absolute shrinkage and selection operator (LASSO), support vector machine-recursive feature elimination (SVM-RFE), and Random Forest (RF) to uncover large AAA biomarkers. To screen for important variables and establish the optimal classification model, LASSO analysis uses an L1-penalty (lambda) to set the coefficients of less significant variables to zero. It uses supervised machine learning to categorize data points by maximizing the distance between classes in a high-dimensional space (13). RF is a non-parametric classification method (14), which includes decision trees based on divided data sets. It is, therefore, widely used to discover biomarkers and predict models with excellent accuracy and interpretability. In this context, we used a RF classification model to discover characteristics that may distinguish AAA from a normal sample.

Moreover, CIBERSORT was used to compare the tissue immune infiltrates of 22 immune cell subsets between AAA and normal samples, as well as between small and large AAAs. Additionally, the relationships between diagnostic markers and infiltrating immune cells were investigated to acquire a better understanding of the molecular immunological processes underlying AAA development. The findings of this study will enable the identification of novel diagnostic biomarkers and therapeutic targets for AAA and improve our understanding of its pathogenesis.



Materials and Methods


Data Processing

We obtained four AAA RNA chip datasets [GSE7084 (15), GSE47472 (16), GSE57691 (17), and GSE98278 (18)] and one AAA single-cell RNA-sequencing dataset [GSE166676 (8)] from GEO (http://www.ncbi.nlm.nih.gov/geo). Following standardization, samples without clinical information were excluded. Hereby, 15 samples were obtained in GSE7084 (8 normal and 7 AAA samples), 22 samples in GSE47472 (8 normal and 14 AAA samples), 59 samples in GSE57691 [10 normal, 20 small AAA (mean maximum aortic diameter = 54.3 ± 2.3 mm) and 29 large AAA samples (mean maximum aortic diameter = 68.4 ± 14.3 mm)], 31 samples in GSE98278 [15 small AAA (mean maximum aortic diameter ≤ 55 mm)], and 16 large AAA samples (mean maximum aortic diameter > 70 mm). Individual genes in the GSE7084, GSE47472, GSE57691, and GSE98278 datasets were further annotated by respective planforms. GSE7084 was used for further validation and was assessed in comparison with normal and AAA samples. The GSE98278 sample was also used for validation and was evaluated in comparison with small AAA and large AAA samples. The characteristics of the five datasets are shown in Table 1.


Table 1 | Characteristics of the five datasets.





Single-Cell Quality Control and Dimensions Reduction

We identified cells expressing more than 200 genes but no more than 2,500 genes. Meanwhile 10% of mitochondrial genes and 3% of red blood cell genes were set as cut off value to further filtrated. After identifying 3,000 hypervariable genes for analysis, the number of principle components (PCs) was adjusted to 13 to generate cell clusters that were then exhibited and annotated using the “tSNE” diagram. We next selected the top ten different expression genes in each cluster using the “FindAllmarkers” function from Seurat R Package. Then 20 clusters in total were discovered (Supplementary Table 1).



Differential Gene Analysis and Cell Type Annotation

We utilized the R package “SingleR” to annotate our single-cell RNA-seq data automatically. Between the expression profiles of each cell and those of the reference sample, Spearman’s correlation was calculated. We then defined the score for each label as the set quantile of the correlation distribution (0.8 by default). We repeated this approach for all labels, using the label with the highest score as the cell’s annotation.

We utilized the “FindMarkers” method to identify genes that differed significantly between AAA and normal cells. Supplementary Table 2 contains a list of all significant indicators that distinguish AAA from normal cells.



Pseudotime Analysis

After annotating all cells, we extracted all monocyte objects and randomly selected mean expressions > 0.1 & dispersion empirical > 1 * dispersion fit cells for subsequent pseudotime analysis. Subsequently, using the “DDRTree” approach, we reduced the dimension of cells and then determined the kind of cell differentiation state using the “reduceDimension” function. Finally, we employed the “plot cell trajectory” function to visualize the differentiation trajectory of cells.



Weighted Co-Expression Network Analysis in GSE47472

We performed a WGCNA analysis on GSE47472 and then utilized selected genes with a standard deviation of expression > 0 for further analysis, excluding outlier data. The data were divided into distinct modules by setting an optimal soft threshold (Supplementary Table 3) and simultaneously identifying the modules that were most positively associated with AAA.



DEGs Identification in GSE57691

GSE7691 was used for a differential analysis. The “limma” R Package was employed to investigate the differences between the AAA and normal sample groups post normalization. The results were presented as a heat map. After applying a filter (| logFC | > 0.5 and adjusted p < 0.05), we obtained DEGs (Supplementary Table 4) and displayed by volcano graph.

Additionally, we then applied a filter (p < 0.05) to obtain DEGs (Supplementary Table 5) and present the differences between large and small AAA samples as a volcano plot.



Functional and Pathway Enrichment Analysis of DEGs

We conducted functional enrichment analysis of the DEGs from GSE57691. All key terms were clustered according to membership similarity, and the term with the highest degree of enrichment was chosen as the representative. To investigate the functions and pathways of DEGs, we utilized the “clusterProfiler” R Package (v4.0) to perform gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment. Statistical significance was set at p < 0.05.



Screening and Verification of Diagnostic Markers Between Normal and AAA

Three methods were applied to identify novel and key biomarkers for AAA: single-cell differential gene analysis, identification between AAA and normal cells, and WGCNA (19). We then utilized “FindMarkers” to perform single-cell differential gene analysis, “limma” for DEG identification, and “WGCNA” for WGCNA analysis (10). For additional investigation, we chose overlapping genes from three previously described models. The GSE7084 dataset was utilized as a validation set for in-depth assessing the efficacy of important biomarkers. This was performed using a receiver operating characteristic (ROC), and the area under the curve (AUC) was calculated to establish the biomarkers’ predictive ability. Statistical significance was determined using a two-sided P < 0.05.



Screening and Verification of Diagnostic Markers Between Small and Large AAA

Random Forest (RF) (14), LASSO (20), and SVM-RFE (21) were performed to screen for novel large AAA biomarkers. We used the “randomForest” R package for RF and “glmnet” R Package to perform LASSO logistic regression with low lambda. This research used the RF function in the “caret” package to pick prominent genes using ten-fold cross validation. The SVM classifier was created using the R package “e1071”. The three classifiable models’ overlapping genes were then figured out. GSE98278 was used as the validation set for conducting an in-depth evaluation of the effectiveness of significant biomarkers. The validation was performed using ROC analyses, and the algorithm’s prediction ability was measured using AUC. A two-sided P < 0.05 was used to determine statistical significance.



Immune Infiltration Analysis

We analysed the level of immune cell infiltration between AAA and normal samples of GSE57691 (Supplementary Table 6) and small and large AAA samples of GSE57691 (Supplementary Table 7) using the CIBERSORT analysis technique with the parameter “PERM” set to 1000 and a cutoff of p < 0.05. Additionally, the proportion of each type of immune cell in the samples was computed and was shown using a bar plot. The “pheatmap” package was used to create a heat map of the 22 immune cells, and abundance was shown using the “vioplot” package. Using the “corrplot” package, we created a correlation heatmap to visualize the correlation between 22 different infiltrating immune cells.



Infiltrating Immune Cells Interact with Diagnostic Markers

A Spearman’s rank correlation test in R was used to examine the relationship between infiltrating immune cells and finally gained gene biomarkers. Correlations were illustrated using ”ggplot2” package.



Quantitative PCR Analysis

A total of 9 tissue samples (including 3 normal samples and 3 small AAA samples and 3 large AAA samples) were collected from Shanxi Provincial People’s Hospital. The Ethical Committee of Shanxi Provincial People’s Hospital approved this study and the respective patient provided informed consent in a written form. Total RNA was isolated using TRIzol reagent (Invitrogen, USA) following the manufacturer’s protocol, and RNA purity was detected using a NanoDrop 2000 spectrometer (Thermo Fisher Scientific, MA, USA). The quantitative real-time polymerase chain reaction (PCR) was performed Based on SuperReal PreMix Plus (Invitrogen) in a StepOnePlus Real-time PCR Detection System (Applied Biosystems, CA, USA), with the following primers: GAPDH (forward: 5’-GGACCTGACCTGCCGTCTAG-3’, reverse: 5’-GTAGCCCAGGATGCCCTTGA-3), HPSE(forward: 5’-TGCTATCCGACACCTTTGC-3’, reverse: 5’-TTGCCTCATCACCACTTCTAT-3’), G0S2 (forward: 5’-CCTCTTCGGCGTGGTGCTC-3’, reverse: 5’-CTGCTGCTTGCCTTTCTCC–3’) synthesized by shanghai GENE ray Biotech. GAPDH was then handled as an internalreference. The relative expression was calculated using the2^(-△Ct) method. P values <0.05 showed statistical significance.



Statistical Analysis

All statistical analyses were conducted using R. A student’s t-test was used to compare AAA and normal samples, as well as small and large AAA samples. ROC analysis was performed to estimate the discriminatory value of marker genes. Statistical significance was set at p < 0.05, unless otherwise specified.




Results

The flow chart of our study is shown in Figure 1.




Figure 1 | Flow chart of the research process.




Single-Cell Quality Control and Dimension Reduction Clustering

On the single-cell dataset, a quality control procedure was performed. As shown in Figure 2A, we removed certain cells and controlled the fraction of mitochondrial and red blood cell genes to assure the quality of the cell samples used in the research. Thereafter, we identified 3,000 genes with high variability and labeled the 10 most important ones. All hypervariable genes are highlighted in red in Figure 2B. As shown in Figure 2C, the cells were classified into 20 clusters, with the different clusters being roughly classified as B and endothelial cells, fibroblasts, keratinocytes, macrophages, monocytes, mesenchymal stem (MSC), natural killer (NK) cells, and T cells. Clusters 2 and 10 were identified as B cells; clusters 1, 4, 13, 15, and 17 as endothelial cells; cluster 14 as fibroblasts; cluster 8 as macrophages; clusters 3, 7, 11, and 18 as monocytes; and clusters 6 and 16 as mesenchymal stem cells (MSCs). Cluster 12 was identified as a NK cells; T cells were identified in clusters 0, 5, and 9; cluster 19 was identified as keratinocytes. In epidermal keratinocytes, we observed an increased expression of genes involved in HA synthesis, including PTPRC and HAS1. According to the original text of this dataset, low-dose UVB irradiation stimulated hyaluronan synthesis in epidermal keratinocytes by sequential stimulation of hyaluronan synthases Has1-3, which was mediated by p38 and Ca2+/calmodulin-dependent protein kinase II (CaMKII) signaling (22). Finally, we assigned red and blue colors to the AAA and normal samples, respectively.




Figure 2 | Clustering of GSE166676 single cells for quality control and dimension reduction. (A) The proportion of mitochondrial and erythrocyte genes is adjusted to ensure the quality of cell samples. (B) 3,000 highly variable genes are indicated in red, with the 10 most important emphasized. (C) Reduced dimensionality and cluster analysis. The AAA dataset cells may be classified into 20 clusters, which include B cells, endothelial cells, fibroblasts, keratinocytes, macrophages, monocytes, mesenchymal stem (MSC), natural killer (NK) cells, and T cells. AAA, abdominal aortic aneurysm.





Differential Gene Analysis and Pseudotime Analysis

We utilized the “FindMarkers” method to identify genes that differed significantly between AAA and normal cells. We performed a simulation analysis on the cell trajectory differentiation of all monocytes and discovered that the darker the blue, the earlier the cell differentiation, indicating that monocytes differentiate from right to left over time, with the lightest blue representing the most recently differentiated cells (Figure 3A). As shown in Figure 3B, there were three distinct differentiated states of monocytes, each labeled with a different color, with the red one (on the right) being the earliest differentiated type. We subsequently investigated the differentiation process of AAA and normal cells and discovered that AAA monocytes differentiated earlier than normal monocytes (Figure 3C). All cells analyzed were monocytes (Figure 3D).




Figure 3 | Analyses of pseudotime in GSE166676. (A) Timing differences in cell differentiation. Darker blue represents an earlier stage of differentiation, while a lighter blue indicates a later stage of differentiation. This serves as a starting point for subsequent analysis. (B) Three stages of monocyte differentiation. State 1 is the earliest stage of differentiation. (C) Differentiation of AAA monocytes from normal monocytes. (D) All cells analyzed were monocytes. AAA, abdominal aortic aneurysm.





Weighted Co-Expression Network Analysis

First, we identified 15,471 genes with a standard deviation of expression greater than zero. Second, the “flashClust” tool package was used to perform the cluster analysis with a threshold of 70; Cluster 1 had 26 samples, which we retained (Figure 4A). Third, the power parameter range of 1–20 was filtered using the “pickSoftThreshold” function of the “WGCNA” package, and we used a power of β = 19 (scale-free R2 = 9) as the soft threshold to establish a scale-free network (Figures 4B, C). To merge similar modules in cluster 3, we set the threshold to 0.3 (Figure 4D); the minimum number of modules was set to 50. Seven modules were produced, each containing genes with similar co-expression characteristics (Figure 4E). As revealed by module-trait association analyses, multiple modules were associated with AAA (Figure 4E), with the green-yellow module being the most significant, including 1,286 genes.




Figure 4 | Analysis of the weighted co-expression network in GSE47472. (A) Sample clustering of dataset GSE47472. The samples were classified into three clusters that were significantly distinct. All clusters were chosen for further analysis. (B) Selection of optimal thresholds. The threshold is 19. (C) Set the threshold to 0.3 to merge modules that are comparable in the cluster tree. (D) Different modules are produced and shown in different colors by aggregating genes with strong correlations into a same module. Blue modules make up a greater proportion. (E) Analysis of correlations between modules and AAA. The green-yellow module was significantly correlated with AAA (COR = 0.67, P < 0.001) and with normal samples (COR = -0.67, P < 0.001). The WGCNA-hub genes were provided to the genes in the green-yellow module. AAA, abdominal aortic aneurysm.





Differential Gene Analysis in GSE57691

We identified 288 differentially expressed genes (DEGs) between AAA and normal samples in GSE57691, including 111 upregulated and 177 downregulated genes (Figures 5A, B). Additionally, we identified 17 DEGs between the large and small AAA samples in GSE57691, three of which were upregulated and 14 downregulated, (Figures 5C, D). We discovered that the expression of these genes varied significantly between samples, with the deep red hue indicating a greater expression level (Figures 5A, C). In Figures 5B, D, DEGs are shown as a volcano map, with blue and red representing genes that were expressed at low and high levels, respectively, in AAA samples. Additionally, blue and red represent genes with low and high abundance, respectively, in large AAA samples.




Figure 5 | Visualization of the DEG findings in GSE57691. (A) Heatmap clustering of genes with markedly different expression in AAA compared normal samples. |log2Foldchange|>0.5 and adjusted P-value < 0.05 were used to define statistically significant DEGs. AAA: abdominal aortic aneurysm; DEGs, differentially expressed genes. Cyan denotes AAA samples, whereas red-orange denotes normal samples. (B) DEGs volcano map; red denotes upregulated genes, black represents genes with no significant difference, and green represents downregulated genes. (C) Heatmap clustering of genes with substantially different expression levels in large AAA compared small AAA samples. P-value < 0.05 was used to determine statistically significant DEGs. AAA: abdominal aortic aneurysm; DEGs, differentially expressed genes. Cyan indicates large AAA samples, whereas red-orange indicates small samples. (D) DEG volcano map; red denotes upregulated genes, black represents genes with no significant difference, and green represents downregulated genes.





Functional Enrichment Analysis of DEGs

The findings of the GO analysis were classified into three categories: biological processes, cell components, and molecular functions. For AAA and normal samples (Figure 6A), the DEGs were enriched in biological processes, such as regulation of histone phosphorylation and positive regulation of acute inflammatory response; cell components, such as the haptoglobin–hemoglobin and hemoglobin complexes; and molecular functions, such as superoxide-generating NADPH oxidase activator activity, haptoglobin binding, phosphatase binding, and oxygen carrier activity. The KEGG pathway was enriched for viral protein interaction with cytokine and cytokine receptor, cytokine-cytokine receptor interaction, chemokine signaling pathway, rheumatoid arthritis, lipid and atherosclerosis, and Th17 cell differentiation (Figure 6B).




Figure 6 | Analyses of functional enrichment of DEGs in GSE57691. (A) Analysis of DEGs between AAA and normal samples using Gene Ontology (GO) enrichment analysis. The x-axis indicates the number of genes associated with the terms, while the y-axis indicates the pathway terms. Each term’s q-value is colored according to the legend. BP, biological process; CC, cellular component; MF, molecular function; (B) enrichment analysis of DEGs between AAA and normal samples using the Kyoto Encyclopedia of Genes and Genomes (KEGG). Each term’s q-value is colored according to the legend. Different colored bubbles reflect different pathway terms. (C) Enrichment analysis of DEGs between large AAA and small AAA samples using Gene Ontology (GO). The x-axis indicates the number of genes associated with the terms, while the y-axis indicates the pathway terms. Each term’s q-value is colored according to the legend. BP, biological process; CC, cellular component; MF, molecular function; (D) Enrichment analysis of DEGs comparing large AAA and small AAA samples using the Kyoto Encyclopedia of Genes and Genomes (KEGG). Each term’s q-value is colored according to the legend. Different colored bubbles reflect different pathway terms. AAA, abdominal aortic aneurysm.



For large and small AAA samples (Figure 6C), DEGs were enriched in biological processes, such as vascular wound healing and angiogenesis involved in wound healing; cell components, such as specific granules, tertiary granules, and secretory granule membranes; and molecular functions, such as hydrolase activity and hydrolyzing O-glycosyl. The KEGG pathway was enriched for necroptosis, glycosaminoglycan degradation, and SNARE interactions in vesicular transport (Figure 6D).



Identification of G0S2 in AAA

Venn graphs were used to aggregate the DEGs identified through single-cell and WGCNA analyses throughout the dataset (Figure 7A). A key gene, G0S2, was identified at this intersection, suggesting that this gene may be involved in AAA development. Using box plots, we found that G0S2 was highly upregulated in AAA samples from GSE57691 and GSE47472 (Figures 7B, D). Subsequently, we constructed ROC curves of the two chip datasets and discovered that the AUC of datasets GSE57691 (Figure 7C) and GSE47472 (Figure 7E) were 0.861 and 0.875, respectively; thereby suggesting that G0S2 may be an effective diagnostic biomarker of AAA. To confirm previous findings, we created a box plot of GSE7284 and observed that G0S2 was considerably upregulated in AAA samples (Figure 7F). Additionally, ROC analyses were conducted for the GSE7284 dataset and produced an AUC of 0.911 (Figure 7G). Although the small sample size may have influenced the ROC value, the results indicate that this gene has a positive effect on the diagnosis of AAA and normal samples.




Figure 7 | Obtaining the key gene of AAA: G0S2, by single-cell RNA-sequencing analysis, weighted co-expression network analysis, and differential expression analysis. (A) Intersection of single-cell analysis, WGCNA and differential expression analysis was displayed in a Venn diagram. The most significant gene, G0S2, was obtained. (B) G0S2 mRNA expression in AAA compared to normal samples in the GSE57691. (C) ROC curve construction in public data sets to evaluate the diagnostic accuracy of G0S2 of AAA. The AUC of GSE57691 was 0.861. (D) G0S2 mRNA expression in AAA compared to normal samples in the GSE47472. (E) ROC curve construction in public data sets to evaluate the diagnostic accuracy of G0S2 of AAA. The AUC of GSE47472 was 0.875. (F) G0S2 mRNA expression in AAA compared to normal samples in the GSE7284. (G) ROC curve construction in public data sets to evaluate the diagnostic accuracy of G0S2 of AAA. The AUC of GSE7284 was 0.911. The distinction was considered good when the AUC value was between 0.8 and 0.9, and exceptional when the AUC value was > 0.9. ROC, receiver operating characteristic; AUC, area under the ROC curve; AAA, abdominal aortic aneurysm.





Identification of Biomarkers in Dilated-AAA

We used LASSO logistic regression to identify 12 critical biomarkers from the DEGs (Figures 8A, B). The SVM-RFE method identified 17 genes as important biomarkers for DEGs (Figure 8B). In addition, the RF algorithm identified two genes as key indicators (Figures 8C, D). The three methods identified overlapping genes, one upregulated (OSM), one downregulated (HPSE) (Figure 8E). Box plots were used to visualize the data from one chip, and we observed that HPSE was highly upregulated in small AAA samples in GSE98278 (Figures 8F, G) with an AUC of 0.669 in the GSE57691 (Figure 8H) and 0.754 in the GSE98278 dataset (Figure 8I). While the small sample size may have an influence on the AUC values calculated here, the data indicate that this gene is also effective in the differentia diagnosis of small and large AAA samples.




Figure 8 | Diagnostic indicators for large AAA screening and validation. (A) Fine-tuning the least absolute shrinkage and selection operator (LASSO) model’s feature selection. LASSO regression was used to narrow down the DEGs, resulting in the discovery of 12 variables as potential markers for AAA. The ordinate represents the value of the coefficient, the lower abscissa represents log (λ), and the upper abscissa represents the current number of non-zero coefficients in the model. (B) A plot illustrating the process of selecting biomarkers using the support vector machine-recursive feature elimination (SVM-RFE) technique. The SVM-RFE technique was used to identify a subset of 17 characteristics from the DEGs. (C) The effect of the decision tree number on the error rate. The x-axis denotes the number of decision trees, while the y-axis shows the error rate. When approximately 200 decision trees are used, the error rate is generally steady. (D) The Gini coefficient method’s results in a random forest classifier. The x-axis displays the genetic variable, and the y-axis the significance index. (E) Venn diagram showing overlapping markers. (F) OSM mRNA expression in large AAA samples is not statistically significant (P > 0.05) when compared to small AAA samples in the GSE98278. (G) HPSE mRNA expression is significantly higher in large AAA samples than in small AAA samples in the GSE98278 (P < 0.05). ROC curves were constructed using publicly available data to assess the diagnostic accuracy of HPSE for large AAA. (H) GSE57691 has an AUC of 0.669. (I) GSE98278 had an AUC of 0.754. ROC, receiver operating characteristic; AUC, area under the ROC curve; AAA, abdominal aortic aneurysm.





Infiltration of Immune Cells Results

Using the CIBERSORT algorithm, we first summarized the results obtained from 10 normal and 49 AAA samples (Figure 9A). As indicated by the correlation heatmap of the 22 immune cells (Figure 9B) T follicular helper (Tfh) cells and eosinophils (r = 0.24), resting dendritic cells (r = 0.01), gamma delta T cells (r = 0.15), activated NK cells (r = 0.35), activated dendritic cells (r = 0.15), memory B cells (r = 0.25), naïve CD4 T cells (r = 0.49), and naïve B cells (r = 0.38) displayed significant positive correlations. Conversely, significant negative correlations was verified with resting mast cells (r = -0.07), M1 macrophages (r = -0.08), plasma cells (r = -0.12), activated memory CD4 T cells (r = -0.2), M2 macrophages (r = -0.4), resting memory CD4 T cells (r = -0.25), memory B cells (r = -0.05), resting NK cells (r = -0.2), monocytes (r = -0.19), neutrophils (r = -0.26), regulatory T cells (Tregs) (r = -0.03), M0 macrophages (r = -0.18), activated mast cells (r = -0.23). AAA samples generally contained a higher proportion of Tfh cells than normal samples (p < 0.05) (Figure 9C). Additionally, we summarized the results obtained from 20 small and 29 large AAA samples (Figure 9D). As indicated by the correlation heatmap of the 22 immune cells (Figure 9E), M1 macrophages and resting CD4 memory T cells (r = 0.26), resting mast cells (r = 0.29), resting dendritic cells (r = 0.54), gamma delta T cells (r = 0.64), M2 macrophages (r = 0.19), and eosinophils (r = 0.01) displayed significant positive correlations, while significant negative correlations were verified with Tregs (r = -0.31), M0 macrophages (r = -0.01), activated mast cells (r = -0.38), monocytes (r = -0.15), neutrophils (r=-0.33), naïve B cells (r = -0.2), naïve CD4 T cells (r = -0.26), Tfh cells (r = -0.09), activated NK cells (r = -0.02), CD8 T cells (r = -0.12), plasma cells (r = -0.14), activated CD4 memory T cells (r = -0.01), activated dendritic cells (r = -0.38), memory B cells (r = -0.03), and resting NK cells (r = -0.2). M2 macrophages and resting CD4 memory T cells (r = 0.37), M0 macrophages (r = 0.34), activated mast cells (r = 0.04), monocytes (r = 0.09), neutrophils (r = 0.27), NK cells (r = 0.12), and activated CD8 T cells (r = 0.06) displayed significant positive correlations, while significant negative correlations with resting mast cells (r = -0.05), resting dendritic cells (r = -0.2), gamma delta T cells (r = -0.09), Tregs (r=-0.25), naïve B cells (r = -0.34), naïve CD4 T cells (r = -0.38), Tfh cells (r = -0.42), eosinophils (r = -0.22), plasma cells (r = -0.08), activated CD4 memory T cells (r = -0.05), activated dendritic cells (r = -0.32), memory B cells (r = -0.24), resting NK cells (r = -0.09); Tfh cells and resting dendritic cells (r = 0.02), gamma delta T cells (r = 0.16), naïve B cells (r = 0.39), naïve CD4 T cells (r = 0.51), activated NK cells (r = 0.37), eosinophils (r = 0.25), CD8 T cells (r = 0.01), and activated dendritic cells (r = 0.16) displayed significant positive correlations, while significant negative correlations was verified with resting CD4 memory T cells (r = -0.29), resting mast cells (r = -0.13), Tregs (r=-0.02), M0 macrophages (r = -0.16), activated mast cells (r = -0.22), monocytes (r = -0.17), neutrophils (r = -0.23), plasma cells (r = -0.11), activated CD4 memory T cells (r = -0.21), memory B cells (r = -0.04), resting NK cells (r = -0.2). Generally, AAA samples had a higher proportion of Tfh cells (P < 0.05), but relatively lower proportions of M1 and M2 macrophages (P < 0.05) than normal samples did (Figure 9F).




Figure 9 | The composition of immune cells was analyzed and displayed. (A) Heat map of the 22 immune cell subpopulations comparing AAA and normal samples. (B) Heat map showing the correlation between 22 different kinds of immune cells in AAA and normal samples. The size of the colored squares indicates the connection’s strength; red indicates a positive correlation, while blue indicates a negative correlation. The stronger the connection, the redder the hue. (C) Violin diagram illustrating the proportion of 22 different kinds of immune cells in AAA versus normal samples. (Normal samples were denoted by blue color, whereas AAA samples were denoted by red color. AAA, abdominal aortic aneurysm. P-values < 0.05 were considered as statistically significant). (D) Heat map of the 22 immune cell subpopulations comparing large AAA and small AAA samples. (E) Correlation heat map between large AAA and small AAA samples of 22 kinds of immune cells. The size of the colored squares indicates the connection’s strength; red indicates a positive correlation, while blue indicates a negative correlation. The stronger the connection, the redder the hue. (F) Violin diagram illustrating the proportion of 22 different kinds of immune cells in large and small AAA samples. (The small AAA samples were marked with blue color and large AAA samples were marked with red color. AAA, abdominal aortic aneurysm. P-values < 0.05 were considered as statistically significant).





Biomarkers and Immune Cells

Based on the results of the correlation analysis between AAA and normal samples, G0S2 displayed a positive correlation with neutrophils (r = 0.59, P = 0.00018; Supplementary Figure 1A), activated mast cells (r = 0.51, P = 0.0017; Supplementary Figure 1B), M0 macrophages (r = 0.5, P = 0.0023; Supplementary Figure 1C), and Tregs (r = 0.49, P = 0.003; Supplementary Figure 1D), but it showed a negative correlation with resting mast (r = -0.41, P = 0.014; Supplementary Figure 1E) and dendritic cells (-0.41, P = 0.014; Supplementary Figure 1F), resting CD4 memory T cells (r = -0.43, P = 0.0093; Supplementary Figure 1G) and M1 macrophages (r = -0.47, p = 0.0048; Supplementary Figure 1H) (Figure 10A).




Figure 10 | Correlation between diagnostic markers and infiltrating immune cells. (A) Correlation between G0S2 and infiltrating immune cells. (B) Correlation between HPSE and infiltrating immune cells. The size of the dots indicates the degree to which genes and immune cells are correlated. Correlation strength is proportional to the size of the dots. The color of the dots indicates the P-value; a yellower hue indicates a lower P-value, while a greener color indicates a higher P-value. P-value < 0.05 was considered statistically significant.



Between the small and large AAA samples, HPSE showed a positive correlation with M0 macrophages (r = 0.73, P = 0.00016; Supplementary Figure 2A), activated mast cells (r = 0.7, P = 0.00046; Supplementary Figure 2B), and Tregs (r = 0.51, P = 0.017; Supplementary Figure 2C), but it showed a negative correlation with M1 macrophages (r = -0.55, P = 0.01; Supplementary Figure 2D), resting mast cells (r = -0.83, P = 2.9e-06; Supplementary Figure 2E), and resting dendritic cells (r =-0.53, p = 0.013; Supplementary Figure 2F) (Figure 10B).



Verifification of Diagnostic Markers

Figure 11 shows the expression levels of two biomarkers detected by qRT-PCR in 9 tissue samples (3 normal samples, 3 small AAA samples and 3 large AAA samples).  G0S2 showed the signifificant upregulation in AAA tissues (P < 0.001) (Figures 11A), and HPSE showed a signifificant upregulation in small AAA samples (P < 0.01) (Figures 11B), indicating that the results were reproducible and reliable.




Figure 11 | Verifification of G0S2 and HPSE by qRT-PCR. (A) G0S2 showed the signifificant upregulation in AAA tissues. (B) HPSE showed a signifificant upregulation in small AAA samples. **P < 0.01, ***P < 0.001.






Discussion

AAAs have a significant impact on quality of life and create a high financial burden on families. Despite advancements in surgical procedures for AAA therapy, postoperative morbidity and mortality remain prevalent. Therefore, it is critical to better understand the pathophysiology and progression of AAAs, and thereby identify novel diagnostic biomarkers and therapeutic targets.

In this study, we identified a gene, G0S2, that was strongly related to AAA. This was performed using single-cell, weighted co-expression network, and differential expression analyses of an existing AAA dataset. A ROC curve analysis then confirmed that G0S2 was capable of accurately diagnosing AAA and our findings suggest that its increased expression may be associated with Tfh cells. Additionally, the results from the follow-up of patients with AAA in the UK Multicenter Aneurysm Screening Study (MASS) demonstrated that AAA with a diameter > 5.5 cm was dangerous and was linked with a very high incidence of rupture (23). To uncover additional molecular pathways and risk genes associated with AAA progression, we analyzed GSE57691, which included critical clinical data, such as the size of the AAA, and GSE98278, which served as a validation data set. We then used three machine learning algorithms, each possessing unique attributes, to screen for risk genes. Finally, HPSE and OSM were selected, and HPSE was found to be effective for in-depth verification, indicating the feasibility of the integration strategy. Additionally, its upregulation was believed to be associated with Tfh cells and M1 macrophages.

Cell proliferation, apoptosis, inflammation, metabolism, and carcinogenesis are all regulated by the G0/G1 switch gene 2 (G0S2) (24). Initially, Russell et al. found that G0S2 was differentially expressed in lymphocytes during the lectin-induced transition from the G0 to G1 phase of the cell cycle (25). G0S2 encodes a 103-amino acid protein that shares 78% of its sequence with humans; its mRNA is strongly expressed in brown and white adipose tissues and is related to growth arrest in 3T3-L1 fibroblasts (26). Yang et al. (27) described the localization of G0S2 in lipid droplets. It inhibits adipocyte triglyceride lipase (ATGL) and triglyceride hydrolase activity and plays a critical role in controlling lipolysis in adipocytes. Other studies show that it also leads to liver steatosis (28, 29). According to a previous study (30), G0S2 interacts with Bcl-2 and promotes apoptosis in tumor cells. Additionally, Kioka et al. (31) demonstrated that G0S2 prevents ATP depletion in cells and causes hypoxia tolerance. However, its roles and functions in AAA remain unknown. Previously, only one study has reported the role of G0S2 in coronary artery atherosclerosis. Knapp et al. (32) found that coronary atherosclerosis raises only G0S2 and FABP4 transcript levels in the myocardium. Most significantly, adipose triacylglyceride lipase (ATGL), β-HAD, and COX4/1 protein expressions were decreased in the CAD group, which was associated with more than a doubling of the triglycerides content. The production and uptake of fatty acids are stable in the myocardium of patients with coronary artery disease. Additionally, patients with coronary stenosis have a high expression of pro-inflammatory proteins in their myocardium. Here, we found that G0S2 was increased in the perivascular adipose tissue, though FABP-4 protein levels were increased and COX4/1 protein content was decreased. These findings imply that a reduction in ATGL protein expression results in myocardial steatosis in patients with coronary artery disease. As a result, GOS2 may play a role in the development of AAA similar to that in coronary atherosclerotic disease, and future experiments are required to investigate this possibility.Kram et al. (33) demonstrated that transgenic mice overexpressing human HPSE (34) had enhanced trabecular bone mass and bone formation rates. Exogenous HPSE was shown to have a pro-osteogenic effect in vitro, stimulating the osteogenic differentiation of cultivated MC3T3 E1 osteoblastic cells. Manton et al. (35) found that long-term treatment of human mesenchymal stem cell (MSCs) with heparan sulfate (HS)- and chondroitin sulfate (CS)-degrading enzymes increased osteogenic differentiation, which they attributed to altered bone morphogenetic protein (BMP) and Wnt activity resulting from disrupted cell surface proteoglycan expression. Additionally, HPSE has been shown to inhibit osteoblastogenesis and bone formation, implying that this protein may play a significant role in pathological bone remodeling (36). Aldi and colleagues (37) suggested that HSPE may have a dual function in vascular calcification, depending on the stage of the illness and the presence of inflammatory cells. The mineralization and osteogenic differentiation of vascular smooth muscle cells have been shown to be improved by HPSE; however, it has been associated to inflammation-induced osteoclast growth and activity in advanced atherosclerotic plaques. According to the AAA formation theory, alterations in the aortic wall caused by atherosclerosis underlie AAA pathogenesis; therefore, inflammatory pathways that promote atherosclerosis also contribute to AAA (38). Therefore, the mechanism underlying the higher risk of rupture in AAA > 5.5 cm may also be related to previous findings, but additional validation is required. These two genes are involved in the pathophysiology of atherosclerotic disease, confirming the inseparable link between AAA, atherosclerosis, and inflammation. We therefore identified a feasible intervention target for improving the prognosis of AAA.

We used CIBERSORT to compare AAA and normal samples in GSE57691 and discovered that Tfh cells were considerably overexpressed in AAA samples, implying that they play a key role in AAA. Tfh cells, which express the defining transcription factor B cell lymphoma 6 (BCL6), are found in B cell follicles, in which they coexist and maintain and form germinal centers. They are required for antibody isotype switching in germinal center B cells (39) and have been identified as a CD4+ subset that specializes in assisting B cells in secondary lymphoid organ (SLOs) germinal centers. They play a vital role in the pathophysiology of various diseases, including autoimmune disorders, allergies, infectious diseases, and cancers (40–43). Recent studies have shown that Tfh cells play a critical role in arteriosclerosis and are possibly pro-atherogenic. In atherosclerosis-prone mice, the atherogenic environment enhanced the autoimmune responses of CXCR3+ Tfh cells (44). Additionally, inhibiting inducible T-cell co-stimulator and its ligand signaling in Apoe–/–mice reduced the burden of atherosclerosis, as seen by decreased Tfh cell numbers in secondary lymphoid organs. Aging increased the proportion of Tfh cells in Apoe–/– mice, but not in wild-type mice, although aging had no effect on the overall percentage of CD4+ T cells in Apoe–/– animals (45). Interestingly, Tfh cells can be derived from Tregs and their reduction in Apoe–/– mice reduces atherosclerosis (45). Additionally, Wang et al. (46) demonstrated that homocysteine is involved in the imbalance of Tfh and Th17 cells by upregulating AIM2 and NLRP1 inflammasomes, which are related to AAA. Based on these findings, we hypothesized that Tfh cells performed a similar role in atherosclerotic diseases, and thus indirectly contributed to AAA development.

Additionally, Tfh cells may contribute directly to AAA via inflammation-related mechanisms. However, the inflammation-mediated theory of AAA has been demonstrated to encompass a diverse variety of innate and adaptive immune cells and their products within the aortic wall and intraluminal thrombi in human AAA samples (45, 47–49). Quantification of hematopoietic cells from human AAA wall biopsies revealed that approximately 50% were T cells, 40% B cells, 7% NK cells, and 2% monocytes (50), which was similar to the findings of our single-cell analysis, indicating that these large members comprised the AAA immunomodulatory network and contributed to AAA development (50). Thus, our single-cell analysis results more accurately reflected the substantial variations in cellular composition between normal and AAA samples. Recent studies have established the mechanisms of action of T cells (51–54), mast cells (55), B cells (56), monocytes (57), NK cells (58), and macrophages (59).

We used CIBERSORT to examine the differences in immune cell infiltration between small and large AAAs, and we observed that Tfh cells were strongly expressed in large AAAs, whereas M1 and M2 macrophages were strongly expressed in small AAAs. M1 macrophages have been demonstrated to aggravate local inflammation as well as enhance aortic dilatation and vascular remodeling, while M2 macrophages are often produced by Th2 cytokines, such as IL-4 and IL-13 (60, 61). M2 macrophages have the ability to regulate angiogenesis, cell recruitment, and collagen deposition via the mobilization of mast and NK cells (62). Aorta walls become more dominant in M2 macrophages as the disease progresses, suggesting a compensatory mechanism to compensate for the anti-inflammatory and tissue repair actions of M2 macrophages (57). In a study conducted by Cheng et al. (63), Apoe -/- mice with AAA were given notch receptor inhibitors that raised M2 macrophages and decreased M1 macrophages. They discovered that this intervention improved the development of AAA (63). As a result, the counteracting effects of M1 and M2 macrophages in small AAAs make them eligible as therapeutic targets to control inflammation and the destruction of aortic walls and decrease rupture due to AAA expansion.

Thus, we used a combination of single-cell, WGCNA, and differential expression analyses to reveal the genetic variations between AAAs. We identified G0S2 as a highly accurate biomarker for the effective diagnosis of AAA enabling early treatment. Additionally, we identified a link between the risk gene HPSE and large AAAs, which may serve as a therapeutic target for delaying AAA dilatation. We employed additional datasets to confirm the expression of G0S2 and HPSE as well as the ROC curve, but functional studies will be conducted in future works. However, our research has some limitations due to small sample sizes and a lack of informative sample data: (1) disease assessment and prediction accuracy can be improved by increasing the sample size; (2) the potential marker genes and pathways identified in this study need to be further validated to provide actual evidence for clinically targeted therapies; (3) analyses of the marker genes’ protein expression level could provide substantial evidence. However, due to a shortage of appropriate normal abdominal aorta samples in our department, executing the verification experiment is problematic. We intend to collect abdominal aorta tissue in the future in order to further understanding of how G0S2 and HPSE influence AAA.



Conclusion

Through single-cell, WGCNA, differential expression analyses and combining multiple machine learning methods, we identified G0S2 as a novel AAA biomarker and HPSE as a protective biomarker for large AAA. The two biomarkers were verified using additional GEO data. Moreover, immune infiltration analysis revealed that Tfh cells play an important role in AAA progression. Hence, our findings may represent a new reference point for diagnosing and treating AAA and delaying AAA dilatation in patients in the future.
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Supplementary Figure 1 | Visualization of immune cell infiltration and G0S2 correlation analysis results based on GSE57691. (A) Correlation analysis between the expression of G0S2 and neutrophils. (B) Correlation between G0S2 and activated mast cells. (C) Correlation analysis of G0S2 and M0 macrophage expression. (D) Correlation analysis between the expression of G0S2 and regulatory T cells (Tregs). (E) Correlation analysis between the expression of G0S2 and resting mast cells. (F) Correlation analysis in the expression of G0S2 and resting dendritic cells. (G) Correlation analysis of the expression of G0S2 and resting CD4 memory T cells. (H) Correlation between G0S2 and M1 macrophage expression.

Supplementary Figure 2 | Visualization of the results of immune cell infiltration and HSPE correlation analysis based on GSE57691. (A) Correlation analysis of G0S2 and M0 macrophage expression. (B) Correlation analysis in the expression of G0S2 and activated mast cells. (C) Correlation analysis between the expression of G0S2 and regulatory T cells (Tregs). (D) Correlation analysis of the expression of G0S2 and resting memory CD4 T cells. (E) Correlation analysis of G0S2 and M1 macrophage expression. (F) Correlation between G0S2 and resting mast cells.

Supplementary Table 1 | “SingleR” package was used to annotate the cells and produce 20 clusters.

Supplementary Table 2 | The “FindMarkers” method was used to identify genes that differed significantly between AAA and normal cells.

  
Supplementary Table 3 | All modular genes obtained from WGCNA.

  
Supplementary Table 4 | DEGs between AAA and normal samples.

  
Supplementary Table 5 | DEGs between large AAA and small AAA samples.

  
Supplementary Table 6 | Results of immune cell infiltration between AAA and normal samples.

  
Supplementary Table 7 | Results of immune cell infiltration between large and small AAA samples.



Abbreviations

AAA, abdominal aortic aneurysm; WGCNA, weighted co-expression network analysis; DEGs, differentially expressed genes; G0S2, G0/G1 switch 2; HPSE, heparinase; Tregs, regulatory T cells; PCs, principle components; scRNA-seq, single-cell RNA-seq; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; ROC, receiver operating characteristic; AUC, area under the curve; RF, random forests; LASSO, least absolute shrinkage and selection operator; SVM-RFE, support vector machine-recursive feature elimination; MSC, Mesenchymal Stem; CaMKII, Ca2+/calmodulin-dependent protein kinase II; OSM, oncostatin M; Tfh, T follicular helper; MASS, Multicenter Aneurysm Screening Study; ATGL, adipocyte triglyceride lipase; AIM2, absent in melanoma 2; NLRP1, NLR family pyrin domain containing 1; SLOs, secondary lymphoid organ germinal centers; MSCs, human mesenchymal stem cell; BMP, bone morphogenetic protein; ATGL, adipose triacylglyceride lipase.



References

1. Kuivaniemi, H, Ryer, EJ, Elmore, JR, and Tromp, G. Understanding the Pathogenesis of Abdominal Aortic Aneurysms. Expert Rev Cardiovasc Ther (2015) 13(9):975–87. doi: 10.1586/14779072.2015.1074861

2. Kuivaniemi, H, and Elmore, JR. Opportunities in Abdominal Aortic Aneurysm Research: Epidemiology, Genetics, and Pathophysiology. Ann Vasc Surg (2012) 26(6):862–70. doi: 10.1016/j.avsg.2012.02.005

3. Chaikof, EL, Dalman, RL, Eskandari, MK, Jackson, BM, Lee, WA, Mansour, MA, et al. The Society for Vascular Surgery Practice Guidelines on the Care of Patients With an Abdominal Aortic Aneurysm. J Vasc Surg (2018) 67(1):2–77.e2. doi: 10.1016/j.jvs.2017.10.044

4. Golledge, J, Tsao, PS, Dalman, RL, and Norman, PE. Circulating Markers of Abdominal Aortic Aneurysm Presence and Progression. Circulation (2008) 118(23):2382–92. doi: 10.1161/CIRCULATIONAHA.108.802074

5. Kokje, VB, Hamming, JF, and Lindeman, JH. Editor's Choice - Pharmaceutical Management of Small Abdominal Aortic Aneurysms: A Systematic Review of the Clinical Evidence. Eur J Vasc Endovasc Surg (2015) 50(6):702–13. doi: 10.1016/j.ejvs.2015.08.010

6. Rughani, G, Robertson, L, and Clarke, M. Medical Treatment for Small Abdominal Aortic Aneurysms. Cochrane Database Syst Rev (2012) (9):CD009536. doi: 10.1002/14651858.CD009536

7. Hemberg, M. Single-Cell Genomics. Brief Funct Genomics (2018) 17(4):207–8. doi: 10.1093/bfgp/ely025

8. Davis, FM, Tsoi, LC, Melvin, WJ, denDekker, A, Wasikowski, R, Joshi, AD, et al. Inhibition of Macrophage Histone Demethylase JMJD3 Protects Against Abdominal Aortic Aneurysms. J Exp Med (2021) 218(6):e20201839. doi: 10.1084/jem.20201839

9. Yuan, Z, Lu, Y, Wei, J, Wu, J, Yang, J, and Cai, Z. Abdominal Aortic Aneurysm: Roles of Inflammatory Cells. Front Immunol (2020) 11:609161. doi: 10.3389/fimmu.2020.609161

10. Langfelder, P, and Horvath, S. WGCNA: An R Package for Weighted Correlation Network Analysis. BMC Bioinf (2008) 9:559. doi: 10.1186/1471-2105-9-559

11. Pei, G, Chen, L, and Zhang, W. WGCNA Application to Proteomic and Metabolomic Data Analysis. Methods Enzymol (2017) 585:135–58. doi: 10.1016/bs.mie.2016.09.016

12. Wang, T, Zheng, X, Li, R, Liu, X, Wu, J, Zhong, X, et al. Integrated Bioinformatic Analysis Reveals YWHAB as a Novel Diagnostic Biomarker for Idiopathic Pulmonary Arterial Hypertension. J Cell Physiol (2019) 234(5):6449–62. doi: 10.1002/jcp.27381

13. Gutierrez-Gomez, L, Vohryzek, J, Chiem, B, Baumann, PS, Conus, P, Cuenod, KD, et al. Stable Biomarker Identification for Predicting Schizophrenia in the Human Connectome. NeuroImage Clin (2020) 27:102316. doi: 10.1016/j.nicl.2020.102316

14. Wang, H, Yang, F, and Luo, Z. An Experimental Study of the Intrinsic Stability of Random Forest Variable Importance Measures. BMC Bioinf (2016) 17:60. doi: 10.1186/s12859-016-0900-5

15. Lenk, GM, Tromp, G, Weinsheimer, S, Gatalica, Z, Berguer, R, and Kuivaniemi, H. Whole Genome Expression Profiling Reveals a Significant Role for Immune Function in Human Abdominal Aortic Aneurysms. BMC Genomics (2007) 8:237. doi: 10.1186/1471-2164-8-237

16. Biros, E, Moran, CS, Rush, CM, Gabel, G, Schreurs, C, Lindeman, JH, et al. Differential Gene Expression in the Proximal Neck of Human Abdominal Aortic Aneurysm. Atherosclerosis (2014) 233(1):211–8. doi: 10.1016/j.atherosclerosis.2013.12.017

17. Biros, E, Gabel, G, Moran, CS, Schreurs, C, Lindeman, JH, Walker, PJ, et al. Differential Gene Expression in Human Abdominal Aortic Aneurysm and Aortic Occlusive Disease. Oncotarget (2015) 6(15):12984–96. doi: 10.18632/oncotarget.3848

18. Gabel, G, Northoff, BH, Weinzierl, I, Ludwig, S, Hinterseher, I, Wilfert, W, et al. Molecular Fingerprint for Terminal Abdominal Aortic Aneurysm Disease. J Am Heart Assoc (2017) 6(12):e006798. doi: 10.1161/JAHA.117.006798

19. Zhang, B, and Horvath, S. A General Framework for Weighted Gene Co-Expression Network Analysis. Stat Appl Genet Mol Biol (2005) 4:Article17. doi: 10.2202/1544-6115.1128

20. Friedman, J, Hastie, T, and Tibshirani, R. Regularization Paths for Generalized Linear Models via Coordinate Descent. J Stat Softw (2010) 33(1):1–22. doi: 10.18637/jss.v033.i01

21. Huang, S, Cai, N, Pacheco, PP, Narrandes, S, Wang, Y, and Xu, W. Applications of Support Vector Machine (SVM) Learning in Cancer Genomics. Cancer Genomics Proteomics (2018) 15(1):41–51. doi: 10.21873/cgp.20063

22. Rauhala, L, Hamalainen, L, Salonen, P, Bart, G, Tammi, M, Pasonen-Seppanen, S, et al. Low Dose Ultraviolet B Irradiation Increases Hyaluronan Synthesis in Epidermal Keratinocytes via Sequential Induction of Hyaluronan Synthases Has1-3 Mediated by P38 and Ca2+/calmodulin-Dependent Protein Kinase II (CaMKII) Signaling. J Biol Chem (2013) 288(25):17999–8012. doi: 10.1074/jbc.M113.472530

23. Ashton, HA, Buxton, MJ, Day, NE, Kim, LG, Marteau, TM, Scott, RA, et al. The Multicentre Aneurysm Screening Study (MASS) Into the Effect of Abdominal Aortic Aneurysm Screening on Mortality in Men: A Randomised Controlled Trial. Lancet (2002) 360(9345):1531–9. doi: 10.1016/s0140-6736(02)11522-4

24. Heckmann, BL, Zhang, X, Xie, X, and Liu, J. The G0/G1 Switch Gene 2 (G0S2): Regulating Metabolism and Beyond. Biochim Biophys Acta (2013) 1831(2):276–81. doi: 10.1016/j.bbalip.2012.09.016

25. Russell, L, and Forsdyke, DR. A Human Putative Lymphocyte G0/G1 Switch Gene Containing a CpG-Rich Island Encodes a Small Basic Protein With the Potential to be Phosphorylated. DNA Cell Biol (1991) 10(8):581–91. doi: 10.1089/dna.1991.10.581

26. Zandbergen, F, Mandard, S, Escher, P, Tan, NS, Patsouris, D, Jatkoe, T, et al. The G0/G1 Switch Gene 2 is a Novel PPAR Target Gene. Biochem J (2005) 392(Pt 2):313–24. doi: 10.1042/BJ20050636

27. Yang, X, Lu, X, Lombes, M, Rha, GB, Chi, YI, Guerin, TM, et al. The G(0)/G(1) Switch Gene 2 Regulates Adipose Lipolysis Through Association With Adipose Triglyceride Lipase. Cell Metab (2010) 11(3):194–205. doi: 10.1016/j.cmet.2010.02.003

28. Wang, Y, Zhang, Y, Qian, H, Lu, J, Zhang, Z, Min, X, et al. The G0/G1 Switch Gene 2 is an Important Regulator of Hepatic Triglyceride Metabolism. PLoS One (2013) 8(8):e72315. doi: 10.1371/journal.pone.0072315

29. Zhang, X, Xie, X, Heckmann, BL, Saarinen, AM, Czyzyk, TA, and Liu, J. Targeted Disruption of G0/G1 Switch Gene 2 Enhances Adipose Lipolysis, Alters Hepatic Energy Balance, and Alleviates High-Fat Diet-Induced Liver Steatosis. Diabetes (2014) 63(3):934–46. doi: 10.2337/db13-1422

30. Welch, C, Santra, MK, El-Assaad, W, Zhu, X, Huber, WE, Keys, RA, et al. Identification of a Protein, G0S2, That Lacks Bcl-2 Homology Domains and Interacts With and Antagonizes Bcl-2. Cancer Res (2009) 69(17):6782–9. doi: 10.1158/0008-5472.CAN-09-0128

31. Kioka, H, Kato, H, Fujikawa, M, Tsukamoto, O, Suzuki, T, Imamura, H, et al. Evaluation of Intramitochondrial ATP Levels Identifies G0/G1 Switch Gene 2 as a Positive Regulator of Oxidative Phosphorylation. Proc Natl Acad Sci USA (2014) 111(1):273–8. doi: 10.1073/pnas.1318547111

32. Knapp, M, Gorski, J, Lewkowicz, J, Lisowska, A, Gil, M, Wojcik, B, et al. The Gene and Protein Expression of the Main Components of the Lipolytic System in Human Myocardium and Heart Perivascular Adipose Tissue. Effect of Coronary Atherosclerosis. Int J Mol Sci (2020) 21(3):737. doi: 10.3390/ijms21030737

33. Kram, V, Zcharia, E, Yacoby-Zeevi, O, Metzger, S, Chajek-Shaul, T, Gabet, Y, et al. Heparanase is Expressed in Osteoblastic Cells and Stimulates Bone Formation and Bone Mass. J Cell Physiol (2006) 207(3):784–92. doi: 10.1002/jcp.20625

34. Zcharia, E, Metzger, S, Chajek-Shaul, T, Aingorn, H, Elkin, M, Friedmann, Y, et al. Transgenic Expression of Mammalian Heparanase Uncovers Physiological Functions of Heparan Sulfate in Tissue Morphogenesis, Vascularization, and Feeding Behavior. FASEB J (2004) 18(2):252–63. doi: 10.1096/fj.03-0572com

35. Manton, KJ, Leong, DF, Cool, SM, and Nurcombe, V. Disruption of Heparan and Chondroitin Sulfate Signaling Enhances Mesenchymal Stem Cell-Derived Osteogenic Differentiation via Bone Morphogenetic Protein Signaling Pathways. Stem Cells (2007) 25(11):2845–54. doi: 10.1634/stemcells.2007-0065

36. Ruan, J, Trotter, TN, Nan, L, Luo, R, Javed, A, Sanderson, RD, et al. Heparanase Inhibits Osteoblastogenesis and Shifts Bone Marrow Progenitor Cell Fate in Myeloma Bone Disease. Bone (2013) 57(1):10–7. doi: 10.1016/j.bone.2013.07.024

37. Aldi, S, Eriksson, L, Kronqvist, M, Lengquist, M, Lofling, M, Folkersen, L, et al. Dual Roles of Heparanase in Human Carotid Plaque Calcification. Atherosclerosis (2019) 283:127–36. doi: 10.1016/j.atherosclerosis.2018.12.027

38. Nordon, IM, Hinchliffe, RJ, Holt, PJ, Loftus, IM, and Thompson, MM. Review of Current Theories for Abdominal Aortic Aneurysm Pathogenesis. Vascular (2009) 17(5):253–63. doi: 10.2310/6670.2009.00046

39. Crotty, S. T Follicular Helper Cell Biology: A Decade of Discovery and Diseases. Immunity (2019) 50(5):1132–48. doi: 10.1016/j.immuni.2019.04.011

40. Morita, R, Schmitt, N, Bentebibel, SE, Ranganathan, R, Bourdery, L, Zurawski, G, et al. Human Blood CXCR5(+)CD4(+) T Cells are Counterparts of T Follicular Cells and Contain Specific Subsets That Differentially Support Antibody Secretion. Immunity (2011) 34(1):108–21. doi: 10.1016/j.immuni.2010.12.012

41. Arroyo-Villa, I, Bautista-Caro, MB, Balsa, A, Aguado-Acin, P, Bonilla-Hernan, MG, Plasencia, C, et al. Constitutively Altered Frequencies of Circulating Follicullar Helper T Cell Counterparts and Their Subsets in Rheumatoid Arthritis. Arthritis Res Ther (2014) 16(6):500. doi: 10.1186/s13075-014-0500-6

42. Kimura, N, Yamagiwa, S, Sugano, T, Setsu, T, Tominaga, K, Kamimura, H, et al. Possible Involvement of Chemokine C-C Receptor 7(-) Programmed Cell Death-1(+) Follicular Helper T-Cell Subset in the Pathogenesis of Autoimmune Hepatitis. J Gastroenterol Hepatol (2018) 33(1):298–306. doi: 10.1111/jgh.13844

43. Pitzalis, C, Jones, GW, Bombardieri, M, and Jones, SA. Ectopic Lymphoid-Like Structures in Infection, Cancer and Autoimmunity. Nat Rev Immunol (2014) 14(7):447–62. doi: 10.1038/nri3700

44. Ryu, H, Lim, H, Choi, G, Park, YJ, Cho, M, Na, H, et al. Atherogenic Dyslipidemia Promotes Autoimmune Follicular Helper T Cell Responses via IL-27. Nat Immunol (2018) 19(6):583–93. doi: 10.1038/s41590-018-0102-6

45. Gaddis, DE, Padgett, LE, Wu, R, McSkimming, C, Romines, V, Taylor, AM, et al. Apolipoprotein AI Prevents Regulatory to Follicular Helper T Cell Switching During Atherosclerosis. Nat Commun (2018) 9(1):1095. doi: 10.1038/s41467-018-03493-5

46. Wang, H, Wei, G, Cheng, S, Wang, D, Ma, J, and Xin, S. Circulatory CD4-Positive T-Lymphocyte Imbalance Mediated by Homocysteine-Induced AIM2 and NLRP1 Inflammasome Upregulation and Activation Is Associated With Human Abdominal Aortic Aneurysm. J Vasc Res (2020) 57(5):276–90. doi: 10.1159/000508077

47. Furusho, A, Aoki, H, Ohno-Urabe, S, Nishihara, M, Hirakata, S, Nishida, N, et al. Involvement of B Cells, Immunoglobulins, and Syk in the Pathogenesis of Abdominal Aortic Aneurysm. J Am Heart Assoc (2018) 7(6):e007750. doi: 10.1161/JAHA.117.007750

48. Zhou, Y, Wu, W, Lindholt, JS, Sukhova, GK, Libby, P, Yu, X, et al. Regulatory T Cells in Human and Angiotensin II-Induced Mouse Abdominal Aortic Aneurysms. Cardiovasc Res (2015) 107(1):98–107. doi: 10.1093/cvr/cvv119

49. Tsuruda, T, Kato, J, Hatakeyama, K, Kojima, K, Yano, M, Yano, Y, et al. Adventitial Mast Cells Contribute to Pathogenesis in the Progression of Abdominal Aortic Aneurysm. Circ Res (2008) 102(11):1368–77. doi: 10.1161/CIRCRESAHA.108.173682

50. Forester, ND, Cruickshank, SM, Scott, DJ, and Carding, SR. Functional Characterization of T Cells in Abdominal Aortic Aneurysms. Immunology (2005) 115(2):262–70. doi: 10.1111/j.1365-2567.2005.02157.x

51. Chang, TW, Gracon, AS, Murphy, MP, and Wilkes, DS. Exploring Autoimmunity in the Pathogenesis of Abdominal Aortic Aneurysms. Am J Physiol Heart Circ Physiol (2015) 309(5):H719–27. doi: 10.1152/ajpheart.00273.2015

52. Curci, JA, and Thompson, RW. Adaptive Cellular Immunity in Aortic Aneurysms: Cause, Consequence, or Context? J Clin Invest (2004) 114(2):168–71. doi: 10.1172/JCI22309

53. Dale, MA, Ruhlman, MK, and Baxter, BT. Inflammatory Cell Phenotypes in AAAs: Their Role and Potential as Targets for Therapy. Arterioscler Thromb Vasc Biol (2015) 35(8):1746–55. doi: 10.1161/ATVBAHA.115.305269

54. Meng, X, Yang, J, Dong, M, Zhang, K, Tu, E, Gao, Q, et al. Regulatory T Cells in Cardiovascular Diseases. Nat Rev Cardiol (2016) 13(3):167–79. doi: 10.1038/nrcardio.2015.169

55. Wang, Y, and Shi, GP. Mast Cell Chymase and Tryptase in Abdominal Aortic Aneurysm Formation. Trends Cardiovasc Med (2012) 22(6):150–5. doi: 10.1016/j.tcm.2012.07.012

56. Schaheen, B, Downs, EA, Serbulea, V, Almenara, CC, Spinosa, M, Su, G, et al. B-Cell Depletion Promotes Aortic Infiltration of Immunosuppressive Cells and Is Protective of Experimental Aortic Aneurysm. Arterioscler Thromb Vasc Biol (2016) 36(11):2191–202. doi: 10.1161/ATVBAHA.116.307559

57. Raffort, J, Lareyre, F, Clement, M, Hassen-Khodja, R, Chinetti, G, and Mallat, Z. Monocytes and Macrophages in Abdominal Aortic Aneurysm. Nat Rev Cardiol (2017) 14(8):457–71. doi: 10.1038/nrcardio.2017.52

58. Patel, A, Jagadesham, VP, Porter, KE, Scott, DJ, and Carding, SR. Characterisation of Fractalkine/CX3CL1 and Fractalkine Receptor (CX3CR1) Expression in Abdominal Aortic Aneurysm Disease. Eur J Vasc Endovasc Surg (2008) 36(1):20–7. doi: 10.1016/j.ejvs.2008.01.014

59. Ginhoux, F, and Guilliams, M. Tissue-Resident Macrophage Ontogeny and Homeostasis. Immunity (2016) 44(3):439–49. doi: 10.1016/j.immuni.2016.02.024

60. Funes, SC, Rios, M, Escobar-Vera, J, and Kalergis, AM. Implications of Macrophage Polarization in Autoimmunity. Immunology (2018) 154(2):186–95. doi: 10.1111/imm.12910

61. Koelwyn, GJ, Corr, EM, Erbay, E, and Moore, KJ. Regulation of Macrophage Immunometabolism in Atherosclerosis. Nat Immunol (2018) 19(6):526–37. doi: 10.1038/s41590-018-0113-3

62. Gordon, S, and Martinez, FO. Alternative Activation of Macrophages: Mechanism and Functions. Immunity (2010) 32(5):593–604. doi: 10.1016/j.immuni.2010.05.007

63. Cheng, J, Koenig, SN, Kuivaniemi, HS, Garg, V, and Hans, CP. Pharmacological Inhibitor of Notch Signaling Stabilizes the Progression of Small Abdominal Aortic Aneurysm in a Mouse Model. J Am Heart Assoc (2014) 3(6):e001064. doi: 10.1161/JAHA.114.001064




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.


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 © 2022 Xiong, Lv, Wu, Guo, Liu, Hou, Wang, Fu 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/fimmu-13-907309-g002.jpg





OEBPS/Images/fimmu-13-907309-g007.jpg





OEBPS/Images/fimmu-13-907309-g005.jpg
§ e EWT"
Wi






OEBPS/Images/fimmu-13-907309-g010.jpg
A - —ign

Macoreges o oo

T cos epitry (o) oms
Tt p— oot
[y —e 0w

ok cote g — oz

oo OB — oa

Eonreonn. — pred

[ —— — om1

B o ooy — o

ot CO4 mary scttes -— oam
[y — oz
Macrorages 2 — o

T coe gurens ot -— oo
ko sty oo
Dt cth e oore
et 4 mamory e om
Macoomogesit oms

‘Gorrelation Goefiient

Gos2
s
P —p o
osquoer vt
7 o regutry (T —e oonr
pion — &
PRt = ] e
— — =
[ s 5
i (ot
Toamramier : om
— : foue
o = b
Rl = ame
s = o=
o ey st = G
P cet *— oo
Eosinophit *-— oom
o = =
O o
il e— sl

Correlation Coeffcient
HPSE

abs(con
e01
02
@03
04
05

pralue

la:

avs(con
.01
002

04
05





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Single-Cell Sequencing Analysis and Multiple Machine Learning Methods Identified G0S2 and HPSE as Novel Biomarkers for Abdominal Aortic Aneurysm

      

        		

          Introduction

        



        		

          Materials and Methods

        

          		

            Data Processing

          



          		

            Single-Cell Quality Control and Dimensions Reduction

          



          		

            Differential Gene Analysis and Cell Type Annotation

          



          		

            Pseudotime Analysis

          



          		

            Weighted Co-Expression Network Analysis in GSE47472

          



          		

            DEGs Identification in GSE57691

          



          		

            Functional and Pathway Enrichment Analysis of DEGs

          



          		

            Screening and Verification of Diagnostic Markers Between Normal and AAA

          



          		

            Screening and Verification of Diagnostic Markers Between Small and Large AAA

          



          		

            Immune Infiltration Analysis

          



          		

            Infiltrating Immune Cells Interact with Diagnostic Markers

          



          		

            Quantitative PCR Analysis

          



          		

            Statistical Analysis

          



        



        



        		

          Results

        

          		

            Single-Cell Quality Control and Dimension Reduction Clustering

          



          		

            Differential Gene Analysis and Pseudotime Analysis

          



          		

            Weighted Co-Expression Network Analysis

          



          		

            Differential Gene Analysis in GSE57691

          



          		

            Functional Enrichment Analysis of DEGs

          



          		

            Identification of G0S2 in AAA

          



          		

            Identification of Biomarkers in Dilated-AAA

          



          		

            Infiltration of Immune Cells Results

          



          		

            Biomarkers and Immune Cells

          



          		

            Verifification of Diagnostic Markers

          



        



        



        		

          Discussion

        



        		

          Conclusion

        



        		

          Data Availability Statement

        



        		

          Ethics Statement

        



        		

          Author Contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Supplementary Material

        



        		

          Abbreviations

        



        		

          References

        



      



      



    



  



OEBPS/Images/fimmu-13-907309-g003.jpg





OEBPS/Images/fimmu-13-907309-g008.jpg





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-13-907309-g006.jpg





OEBPS/Images/fimmu.2022.907309_cover.jpg
’ frontiers ‘ Frontiers in Immunology

Single-Cell Sequencing Analysis
and Multiple Machine Learning
Methods Identified GOS2 and
HPSE as Novel Biomarkers for
Abdominal Aortic Aneurysm





OEBPS/Images/fimmu-13-907309-g001.jpg
Large AAAC>S5mm) and Immune
Small AA(SSmm) > infiliaton
samples analysis

|

Differenially expressed

s amalysis
Lentabsobtc
= Shinkage and
sletion

ey

Takethe ntrsction





OEBPS/Images/logo.jpg
, frontiers | Frontiers in Immunology





OEBPS/Images/fimmu-13-907309-g004.jpg
Sl nepunconce [rpe—

Sot T power

‘Gene dondrogram and module colors(GEO)






OEBPS/Images/fimmu-13-907309-g009.jpg
/,//////’” 77 ///,;{,///






OEBPS/Images/table1.jpg
Characteristics of the datasets

Datasets AAA Normal Platform
GSE57691 49 (29 large, 20 small) 10 GPL10558
GSE47472 14 8 GPL10558
GSE7084 T 8 GPL2507

GSE166676 4 2 GPL24676
GSE98278 31 (16 large, 15 small) 0 GPL10558

AAA, abdominal aortic aneurysm. large, mean maximum aortic diameter > 55 mm; smal,
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