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Background

Wiskott-Aldrich syndrome protein family member 2 (WASF2) has been shown to play an important role in many types of cancer. Therefore, it is worthwhile to further study expression profile of WASF2 in human cancer, which provides new molecular clues about the pathogenesis of ovarian cancer.



Methods

We used a series of bioinformatics methods to comprehensively analyze the relationship between WASF2 and prognosis, tumor microenvironment (TME), immune infiltration, tumor mutational burden (TMB), microsatellite instability (MSI), and tried to find the potential biological processes of WASF2 in ovarian cancer. Biological behaviors of ovarian cancer cells were investigated through CCK8 assay, scratch test and transwell assay. We also compared WASF2 expression between epithelial ovarian cancer tissues and normal ovarian tissues by using immunohistochemical staining.



Results

In the present study, we found that WASF2 was abnormally expressed across the diverse cancer and significantly correlated with overall survival (OS) and progression-free interval (PFI). More importantly, the WASF2 expression level also significantly related to the TME. Our results also showed that the expression of WASF2 was closely related to immune infiltration and immune-related genes. In addition, WASF2 expression was associated with TMB, MSI, and antitumor drugs sensitivity across various cancer types. Functional bioinformatics analysis demonstrated that the WASF2 might be involved in several signaling pathways and biological processes of ovarian cancer. A risk factor model was found to be predictive for OS in ovarian cancer based on the expression of WASF2. Moreover, in vitro experiments, it was demonstrated that the proliferative, migratory and invasive capacity of ovarian cancer cells was significantly inhibited due to WASF2 knockdown. Finally, the immunohistochemistry data confirmed that WASF2 were highly expressed in ovarian cancer.



Conclusions

Our study demonstrated that WASF2 expression was associated with a poor prognosis and may be involved in the development of ovarian cancer, which might be explored as a potential prognostic marker and new targeted treatments.
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Introduction

Malignant neoplasms are one of the leading causes of mortality and disability worldwide and there are still no effective treatments for patients with late stages of these diseases (1–3). Currently, surgery, radiotherapy, and chemotherapy remain to be the main modalities for the treatment of cancer (4, 5). In recent years, cancer immunotherapy has become the major theme, whose safety and efficacy have been gradually recognized (6, 7). With the extensive using of genome sequencing technology and public databases, it is possible to identify potential biomarkers and therapeutic target by using pan-cancer analysis with genes expression.

The morphology and cytoskeleton of migrating cell are induced by rearrangement of the actin cytoskeleton at the leading and trailing edges of cells and are accompanied by the formation of lamellipodia and filopodia (8). Wiskott-Aldrich syndrome protein family member 2 (WASF2) is essential for lamellipodium formation and mediates cell migration and invasion (9). The gene product is a protein that forms a multiprotein complex that links receptor kinases and actin. WASF2 has a C-terminal verprolin homology domain which can bind and activate the actin-nucleating actin-related protein-2/3 (Arp2/3) complex (10, 11). The multiprotein complex serves to a central biochemical mechanism in transduce signals that involve changes in cell shape, motility or function. Recently, some evidence has suggested that WASF2 is overexpressed in some of types of cancers and the high expression is correlated with metastasis, poor prognosis, and resistance to treatment (12–16).

The tumor microenvironment (TME) refers to the “ecological niche” surrounding the tumor, which is composed of multiple cell types, supportive matrix and soluble factors (17). TME contains a complex immune cell microenvironment, including innate immune response cells, such as natural killer (NK) cells, macrophages and dendritic cells; these cells also play roles in adaptive immune responses, such as CD8+ and CD4+ T cells (18). Studies have shown that WASF2 is closely related to the tumor immune microenvironment (19, 20). Conditional gene knockout of WASF2 in T cells can lead to severe autoimmunity (21). Therefore, WASF2 may be involved in the regulation of tumor immune microenvironment.

Nevertheless, most research studies on the roles of WASF2 in tumors were focused on individual cancer types and the sample sizes were often limited. There has been so far no pan-cancer studies focusing on the association between WASF2 and various cancers. Therefore, multi-omics pan-cancer analysis of the WASF2 can not only help to discover common phenotypic characteristics of tumors, but also carry out an in-depth interpretation about the causes of key molecular events and their own internal regulatory mechanisms. In this study, we comprehensively analyzed the expression level of WASF2 and their relationship with prognosis in different types of malignancy from multiple public databases, such as TCGA, Genotype Tissue-Expression (GTEx), and Cancer Cell Line Encyclopedia (CCLE). We also explored the associations between WASF2 expression and immune infiltration levels, drug sensitivity, and tumor mutational burden (TMB) across 33 types of cancer. Gene set enrichment analysis (GSEA) were also applied to explore potential mechanisms. Finally, we constructed a prediction model based on the expression of WASF2 and clinical symptoms to predict the prognosis of ovarian cancer and confirmed that the high expression of WASF2 in ovarian cancer. In addition, we found that the silence of WASF2 could inhibit the proliferation, migration and invasion of ovarian cancer cells.

Our studies revealed the possible roles of WASF2 across cancer, demonstrating that WASF2 would be a potential candidate for clinical biomarker, which could be used as a potential diagnostic and prognostic biomarker in many cancers, especially in ovarian cancer. Meanwhile, this study provided a novel perspective on the roles of WASF2 in tumor immunotherapy.



Materials and Methods


Sample Information and WASF2 Expression Analysis in Human Pan-Cancer

The TCGA (https://portal.gdc.cancer.gov/) is currently the largest cancer genetic information database, which stores data including gene expression profiles, copy number variation (CNV), and single nucleotide polymorphism (SNP). The mRNA expression profile data and SNP data of 33 cancer types were downloaded from the TCGA database for subsequent analysis. The difference expression level of WASF2 between cancer and normal tissues was analyzed with a combination of the normal tissues data from the GTEx database (https://commonfund.nih.gov/GTEx) and the TCGA. The online database UALCAN (ualcan.path.uab.edu/) was used to obtain the differential expression levels of WASF2 in ovarian cancer and normal ovarian tissues. Gene-centric RMA-normalized mRNA expression data for each tumor cell line was downloaded from the CCLE database (https://portals.broadinstitute.org/ccle). The expression data of WASF2 in different normal cells were obtained through the HPA database (https://www.proteinatlas.org/humanproteome/pathology). The 33 TCGA cancer types included adrenocortical carcinoma (ACC), bladder urothelial carcinoma (BLCA), breast invasive carcinoma (BRCA), cervical squamous cell carcinoma (CESC), cholangiocarcinoma (CHOL), colon adenocarcinoma (COAD), lymphoid neoplasm diffuse large B cell lymphoma (DLBC), esophageal carcinoma (ESCA), glioblastoma multiforme (GBM), brain lower grade glioma (LGG), head and neck squamous cell carcinoma (HNSC), kidney chromophobe (KICH), kidney renal clear cell carcinoma (KIRC), kidney renal papillary cell carcinoma (KIRP), acute myeloid leukemia (LAML), liver hepatocellular carcinoma (LIHC), lung adenocarcinoma (LUAD), lung squamous cell carcinoma (LUSC), mesothelioma (MESO), ovarian serous cystadenocarcinoma (OV), pancreatic adenocarcinoma (PAAD), pheochromocytoma and paraganglioma (PCPG), prostate adenocarcinoma (PRAD), rectum adenocarcinoma (READ), sarcoma (SARC), skin cutaneous melanoma (SKCM), stomach adenocarcinoma (STAD), testicular germ cell tumors (TGCT), thyroid carcinoma (THCA), thymoma (THYM), uterine corpus endometrial carcinoma (UCEC), uterine carcinosarcoma (UCS), and uveal melanoma (UVM). All expression data were normalized log transformed prior to analysis. Moreover, tumor samples were divided into subgroups based on the tumor stage to evaluate correlations between gene expression levels and tumor stage or grade.



Survival and Prognosis Analysis

Survival information were extracted from the Xena database to further analyze the relationship between gene expression and patient prognosis of TCGA. Two major endpoints, overall survival (OS) and progression-free interval (PFI), were selected as the main indicators of prognostic assessment. OS refers to the duration from the date of diagnosis to the date of death. PFI is defined as the time from the date of diagnosis until the date of the first occurrence of a novel tumor event, which includes new primary tumor, distant metastasis, local recurrence, the progression of the disease or death due to cancer. Based on the median risk score, patients were divided into high (≥ median) and low (< median) risk groups. Survival analysis was estimated by the Kaplan-Meier (KM) method, and any differences between survival curves were compared using the log-rank test. The survival curves were delineated according to the high and low-risk value using the R packages “survival” and “survminer”. In addition, Cox analysis was used to explore the relationship between WASF2 expression and prognosis. The forest plot was used to display the P value, hazard ratios (HR) and 95% confidence interval of each cancer for the effect of gene expression on OS and PFI using the R package “forestplot”.



Immune Cell Infiltration Analysis

CIBERSORT algorithm was used to calculate the relative proportion of infiltrating immune cells and analyze the correlation between gene expression and immune cell content. Patient samples were divided into two groups according to the median expression of WASF2 gene (high vs. low expression). Differences between groups were compared by Wilcox test through R software. TIMER database was used to calculate the immune cell infiltration information of each tumor. The heat map could be used to show the relationship between the target gene in pan-cancer and immune invasion. Positive correlations were displayed in red and negative correlations in blue (Using ggplot2, ggpubr, patchwork, showtext package for visualization). Furthermore, the TISIDB website explored the potential relationship between WASF2 expression and immune regulatory factors (chemokines, immune checkpoint, immunosuppressive agents, immunostimulatory factors, MHC molecules, etc.). Finally, the relationship between WASF2 and common tumor-related regulatory genes (autophagy, DNA repair, ferroptosis, hypoxia, pyroptosis, and TGF-β signaling gene) were also analyzed.



Tumor Mutation Burden Analysis

Tumor mutation burden (TMB) is defined as the total number of somatic gene coding errors, base substitutions, insertions or deletions detected per million bases. In this study, TMB was calculated using the mutation frequency and the number of mutations/exon length of each tumor sample, and dividing the non-synonymous mutation site by the total length of the protein coding region. The microsatellite instability (MSI) value of each TCGA patient was derived from a previously published study (2). A correlation analysis between gene expression and TMB or MSI was performed by using the “cor.test” command. All results were visualized by a radar chart, which was designed with the R-package “fmsb”.



Drug Susceptibility Analysis

The NCI-60 database contains data on 60 different cancer cell lines from nine different types of tumors by using CellMiner interface (https://discover.nci.nih.gov/cellminer/). The NCI-60 cell line is currently the most widely used cancer cell sample group for anti-cancer drug testing. Drug sensitivity data and RNA-seq data were downloaded from the NCI-60 database to explore the relationship between genes and the sensitivity of common anti-tumor drugs.



Gene Enrichment Analysis

Gene set variation analysis (GSVA) is a non-parametric and unsupervised method for evaluating the enrichment of transcriptome gene sets. GSVA was performed using the GSVA R package, to comprehensively score several gene sets of interest with a Poison distribution, and then converts gene-level changes into pathway-level changes. The gene set was downloaded from Molecular signatures database (v7.0 version), and the GSVA algorithm was used to comprehensively score each gene set to evaluate the potential biological function changes of different samples.

Gene Set Enrichment Analysis (GSEA) was used to identify the level of depletion or enrichment by using a predefined gene set and ranking the genes according to the degree of differential expression between two compared groups. In this study, GSEA analysis was performed through the “clusterprofiler” and “enrichplot” packages, and the possible molecular mechanisms of the prognostic differences were explored by comparing the differences in signal pathways between the high and low gene expression groups.



WGCNA Analysis

The weighted correlation network analysis (WGCNA) was used to construct weighted gene co-expression network, and to explore the relationship between the gene network and biological traits, as well as the hub genes in the network. The “WGCNA” R package was used to construct a co-expression network of all genes, and the genes with the top 5000 variances were screened by this algorithm for further analysis. The soft thresholding power was set as 4. Then the adjacency matrix was transformed into a topological overlap matrix (TOM) to estimate the network connectivity, and the TOM-based dissimilarity matrix for hierarchical clustering. Subsequently, a hierarchical clustering tree was constructed by the correlation coefficient between genes, and different branches of the clustering tree represented different gene modules, and different colors represented different modules. Based on the weighted correlation coefficient, the genes were classified different modules based on the expression patterns, and genes with similar expression patterns were grouped into one module. In this way, tens of thousands of genes were divided into multiple modules by gene expression patterns.



Predictive Model Construction

In this study, multivariate Cox regression analysis were performed to determine independent prognostic factors to construct the nomogram using the R software package. The calibration curve was plotted accordingly.



Functional Verification of WASF2

In the study, siRNA targeting WASF2 was used to knockdown WASF2 mRNA expression. F-actin was visualized with phalloidin staining according to manufacturer’s instructions. CCK8 assay was performed to detect cell proliferation. Transwell and wound healing/scratch assays were used to evaluate cell invasion and migration. WASF2 expression in ovarian cancer tissues was evaluated by immunohistochemical staining. The detailed materials and methods were described in Supplementary Materials and Methods.



Statistic

All statistical analyses were conducted using R language (version 4.1.1). The hazard ratios (HR) and 95% confidence intervals were calculated using univariate survival analysis. A Kaplan-Meier survival analysis was performed to estimate survival curve. The difference in WASF2 expression between different tumor stages was compared using the Kruskal-Wallis test. Pearson test was used for correlation analysis. The correlation between WASF2 expression and clinicalpathological characters was evaluated by Chi-square test (χ2). For normally distributed data, Student’s t-test was applied, whereas a Mann-Whitney U test was used for nonnormally distributed data. A two-sided P-value < 0.05 indicated a statistically significant difference.




Results


Pan-Cancer Expression Landscape of WASF2

First, the expression of WASF2 in 33 human cancers was analyzed by using TCGA and GTEx datasets. As shown in Figure 1A, WASF2 was generally highly expressed in 5 tumors, including CHOL, GBM, KIRC, LIHC, and LUSC. However, it was significantly lower in BLCA, BRCA, COAD, KICH, LUAD, PCPG, PRAD, READ, STAD, THCA, and UCEC compared with normal tissues. Due to the small number of normal tissue samples in TCGA database, the normal tissue data from the GTEx database and the tumor tissue data from TCGA database were combined to analyze the differences of WASF2 expression in 33 cancers. The results showed that WASF2 was abnormally expressed in 24 of these tumors. Specifically, WASF2 expression was higher in 19 cancer (ACC, BRCA, CESC, CHOL, COAD, ESCA, GBM, KIRC, LAML, LGG, LIHC, LUSC, OV, PAAD, PRAD, SKCM, STAD, TGCT, and THCA) and lower in 5 cancers (BLCA, LUAD, PCPG, READ, and UCEC) compared with the normal tissues (Figure 1B and Supplement Figure 1A). Furthermore, the expression levels of WASF2 in 30 tissue cell lines were analyzed using the data of tumor cell lines downloaded from the CCLE database. Results showed that WASF2 was expressed in all 30 kinds of tumor cell lines (Figure 1C and Supplement Figure 1C). In sum, these results suggested that WASF2 was abnormally expressed in different cancers. We also further found that WASF2 was related to the stage of various tumors, including BRCA, COAD, ESCA, KICH, KIRC, LIHC, LUSC and UVM (Figure 2 and Supplement Figure 1B).




Figure 1 | The WASF2 expression level in human pan-cancer analyses. (A) The mRNA level of WASF2 in TCGA. The color refers to the tumor (yellow) or normal (blue), respectively. (B) The WASF2 expression level in 33 types from the GTEx database and TCGA database. (C) WASF2 expression in 30 tumor cells from CCLE database. *P < 0.05; **P < 0.01; ***P < 0.001.






Figure 2 | The box plot shows the association of WASF2 expression with pathological stages in (A) adrenocortical carcinoma (ACC), (B) bladder urothelial carcinoma (BLCA), (C) breast invasive carcinoma (BRCA), (D) cholangiocarcinoma (CHOL), (E) colon adenocarcinoma (COAD), (F) esophageal carcinoma (ESCA), (G) head and neck squamous cell carcinoma (HNSC), (H) kidney chromophobe (KICH), (I) kidney renal clear cell carcinoma (KIRC), (J) kidney renal papillary cell carcinoma (KIRP), (K) liver hepatocellular carcinoma (LIHC), (L) lung adenocarcinoma (LUAD), (M) lung squamous cell carcinoma (LUSC), (N) mesothelioma (MESO), (O) pancreatic adenocarcinoma (PAAD), (P) rectum adenocarcinoma (READ), (Q) skin cutaneous melanoma (SKCM), (R) stomach adenocarcinoma (STAD), (S) testicular germ cell tumors (TGCT), and (T) uveal melanoma (UVM). Kruskal-Wallis test was used to assess the significance of differences between groups, followed by pair wise comparisons using Dunn’s multiple comparisons test used to evaluate differences among groups.





Prognostic Value of WASF2 Across Cancers

The relationship between WASF2 expression and the prognosis of patients in pan-cancer was analyzed. In the OS analysis, Cox regression identified that high WASF2 expression was a risk factor for ACC (P = 0.003, HR = 1.066), KICH (P = 0.021, HR = 1.119), LAML (P < 0.001, HR = 1.014), LGG (P < 0.001, HR = 1.037), LIHC (P < 0.001, HR = 1.068), and OV (P < 0.001, HR = 1.012); however, it appeared to be a protective factor in HNSC (P = 0.031, HR = 0.993), KIRC (P < 0.001, HR = 0.977), and UVM (P = 0.022, HR = 0.948), as shown in Figure 3A. KM survival curve showed that patients with higher WASF2 levels had a shorter OS compared with patients with lower WASF2 levels in ACC (P = 0.003), LAML (P < 0.010), LGG (P < 0.001), LIHC (P = 0.003) and OV (P = 0.008), whereas those with elevated WASF2 levels tended to be better OS to those with decreased WASF2 levels in KIRC (P < 0.001) and UVM (P = 0.020), as displayed in Figures 3B–J.




Figure 3 | Association of WASF2 expression with patient overall survival (OS) in pan- cancer. (A) Forest plot of HR for the relationship between WASF2 expression and patient OS. (B–J) Kaplan-Meier analyses show the association between WASF2 expression and OS. Statistical significance was assessed using the log-rank test.



Cox regression analysis of PFI identified high WASF2 expression was a risk factor for ACC (P = 0.003, HR = 1.053), BLCA (P = 0.006, HR = 1.011), KICH (P = 0.007, HR = 1.135), LGG (P < 0.001, HR = 1.031), LIHC (P = 0.009, HR = 1.034), and OV (P = 0.026, HR = 1.007); however, it was a protective factor in HNSC (P = 0.027, HR = 0.992), KIRC (P = 0.004, HR = 0.983), THYM (P = 0.009, HR = 0.947), and UVM (P = 0.031, HR = 0.956) (Figure 4A). The KM results demonstrated that patients with higher WASF2 expression had a poorer PFI compared to patients with lower WASF2 levels in ACC (P < 0.001), BLCA (P = 0.295), KICH (P = 0.147), LGG (P < 0.001), LIHC (P = 0.035) and OV (P = 0.005), while patients with increased WASF2 levels showed a superior PFI than those with decreased WASF2 levels in HNSC (P = 0.025), KIRC (P = 0.017), THYM (P = 0.051) and UVM (P = 0.055), as shown in Figures 4B–K.




Figure 4 | Association of WASF2 expression with patient progression-free interval (PFI) in pan- cancer. (A) Forest plot of HR for the relationship between WASF2 expression and patient PFI. (B–K) Kaplan-Meier analyses show the association between WASF2 expression and PFI. Statistical significance was assessed using the log-rank test.





The Relationship Between WASF2 Expression and Immune Infiltration

The tumor microenvironment (TME) is a complex non-tumor cell environment composed mainly of tumor-related fibroblasts, immune cells, extracellular matrix, a variety of growth factors, inflammatory factors, special physical and chemical characteristics, and cancer cells themselves (22). In recent years, the importance TME in the occurrence and development of cancer has attracted more and more attention. Therefore, it is important to further explore the pan-cancer relationship between WASF2 expression and TME. Our results showed that the expression of WASF2 was closely related to TME (Figure 5A). We conducted further TME analysis on OV, and the results showed that mismatch repair, EMT3, nucleotide excision repair, DNA damage response and other scores were significantly related to OV (Figure 5B).




Figure 5 | WASF2 expression is correlated with the TME. (A) Correlation between the expression of WASF2 and 15 TME processes. Red denotes a correlation coefficient > 0, whereas blue denotes a correlation coefficient < 0. (B) The statistical chart after using the CIBERSORT method shows the proportion difference of TME between WASF2 high and low expression groups in ovarian cancer. Red represents the high WASF2 expression group, yellow represents the low WASF2 expression group. *P < 0.05; **P < 0.01; ***P < 0.001. ns, no significant.



Our results also showed that the expression of WASF2 was closely related to immune infiltration. Among them, 14 cancers were significantly related to T cells CD4 memory resting, 11 cancers were significantly related to B cells naive, and 11 cancers were significantly related to mast cells resting (Figure 6A). We conducted further immune infiltration analysis on OV, and the results showed that T cells gamma delta, macrophages M2, dendritic cells activated, and eosinophils were significantly related to OV (Figure 6B and Supplement Figure 2). Next, the correlation between WASF2 level and infiltration of immune cells in pan-cancer was explored using Tumor Immune Estimation Resource (TIMER). The results were presented as a heat map. Red represent positive correlation and blue negative correlation (Supplement Figures 3, 4).




Figure 6 | WASF2 expression is correlated with cancer immunity. (A) Correlation between the expression of WASF2 and infiltration by 22 types of immune cells in pan-cancer analysis. Red denotes a correlation coefficient > 0, whereas blue denotes a correlation coefficient < 0. (B) The statistical chart after using the CIBERSORT method shows the proportion difference of immune cell between WASF2 high and low expression groups in ovarian cancer. Red represents the high WASF2 expression group, yellow represents the low WASF2 expression group. *P < 0.05; **P < 0.01; ***P < 0.001. ns, no significant.





The Relationship Between WASF2 Expression and Key Regulatory Genes

We further conducted correlation analysis to explore the relationship between WASF2 expression and 33 tumor immune-related genes. The genes analyzed included MHC, immune activating factors, immunosuppressive factors, chemokines, and chemokine receptor proteins. The results showed that almost all immune-related genes were significantly related to WASF2 (Figure 7). In addition, WASF2 has significant correlation with common tumor-related regulatory genes such as autophagy, DNA repair, ferroptosis, hypoxia, pyroptosis, and TGF-β signaling gene (Supplement Figure 5).




Figure 7 | WASF2 expression is correlated with immune-related genes. (A) The correlation between WASF2 and chemokine gene. (B) The correlation between WASF2 and immune checkpoint gene. (C) The correlation between WASF2 and immunoinhibitor gene. (D) The correlation between WASF2 and immunostimulator gene. (E) The correlation between WASF2 and MHC gene. (F) The correlation between WASF2 and receptor gene. *P < 0.05; **P < 0.01; ***P < 0.001.





The Relationship Between WASF2 Expression and TMB and MSI and With Drug Sensitivity

TMB and MSI were two emerging biomarkers related to immunotherapy response. We explored the relationship between WASF2 expression and TMB. The results showed that the expression level of WASF2 was significantly correlated with TMB tumors, including UCEC, COAD, LUSC, LUAD, ACC, KICH, KIRC, UVM, THCA, and there were significant differences (Figure 8A). In MSI, the WASF2 had significant differences in SKCM, PRAD, LGG, HNSC, COAD, BRCA, THCA, GBM, and DLBC (Figure 8B).




Figure 8 | WASF2 expression is correlated with TMB, MSI and drug sensitivity. (A) Correlation analysis between WASF2 expression in pan-cancer and TMB described using Spearman’s rank correlation coefficient. (B) Correlation analysis between WASF2 expression in pan-cancer and MSI described using Spearman’s rank correlation coefficient. (C) Analysis of drug sensitivity associated with WASF2. The positive correlation means that the gene’s high expression is resistant to the drug, while the negative is the opposite. *P < 0.05; **P < 0.01; ***P < 0.001.



Early-stage tumors were treated with surgery combined with chemotherapy. The Cellminer database was used to explore the sensitivity of the WASF2 and common anti-tumor drugs, and we further calculated the correlation between the gene expression and the drug IC50. The results showed that high gene expression was correlated to resistance to the anti-tumor drug tolerance. Among them, the WASF2 was positively correlated with Rapamycin and Itraconazole, and negatively correlated with Dexrazoxane, AFP464, Oxaliplatin, Aminoflavone, By-Product of CUDC-305 (Figure 8C).



Association of WASF2 Expression With GSVA and GSEA in Ovarian Cancer

To elucidate the detailed mechanism of the WASF2, further in-depth studies were required. Therefore, we first scored all tumors with GSVA analysis, and then divided the samples into two groups with high and low expression in each tumor separately using the median of the gene expression. The results showed that the high expression of WASF2 mainly focused on mitotic spindle, UV response DN, Wnt/β-catenin signaling, heme metabolism, and G2/M checkpoint in ovarian cancer (Figure 9A). The GSEA analysis of WASF2 in ovarian cancer was shown in the Figure 9B and Supplement Figure 6.




Figure 9 | Function and pathway enrichment analysis of ovarian cancer. (A) Correlation analysis results of GSVA and WASF2 in ovarian cancer. (B) KEGG results of WASF2 GSEA in ovarian cancer.





Association of WASF2 Expression With WGCNA in Ovarian Cancer

WGCNA is a systematic biological approach to construct a scale-free network using gene expression data (23). So, we further performed WGCNA analysis based on the expression profile data of ovarian cancer, and constructed the co-expression network related to WASF2 in ovarian cancer. The soft power of β = 4 was selected as the appropriate soft‐thresholding for performing subsequent analyses by the function “sft$powerEstimate”. The gene modules were detected based on the TOM, and a total of 16 modules were finally detected. We further analyzed the module trait relationship and found that the MEsalmon module had the highest correlation (cor = 0.49, P = 3e−24) (Figure 10A). The Metascape website was used to perform enrichment analysis on the salmon module gene. The results revealed that these genes were mainly enriched in negative regulation of cellular component organization, negative regulation of binding, mitotic cell cycle process, cellular component disassembly, and mRNA metabolic process (Figures 10B, C).




Figure 10 | Association of WASF2 expression with WGCNA in ovarian cancer. (A) Module trait relationship (p-value) for detected modules (y-axis) in relation with traits (x-axis) for ovarian cancer. The relationships were colored based on the correlation between the identified module and traits. The color scale on the right demonstrate module-trait relationship from −1 (blue) to one (red), where blue represents strong negative correlation and red represents a strong positive correlation. (B) Functional annotations of MEsalmon module. Gene ontology (GO) and corresponding P-values are shown. (C) PPI network of GO enrichment analysis results.





Clinical Application of a Nomogram Incorporating the WASF2 Gene

Based on the findings of the Cox regression analyses, we further constructed a nomogram integrating the age, grade, and the expression of WASF2, to provide a quantitative method for clinicians to predict the probability of 3‐ and 5‐year OS in ovarian cancer patients (Figure 11A). To calculate the score, each prognostic parameter was projected upward to the value of the small ruler (points), with a higher number of total points indicating a worse outcome for the patient. In addition, the calibration curve for the 3‐ and 5‐year OS was plotted at the same time, and the nomogram had a good performance (Figure 11B).




Figure 11 | Establishment and validation of the prognostic nomogram. (A) Nomogram based on the WASF2 signature and clinical information for prediction of the 3- and 5-year OS in patients with ovarian cancer in the TCGA dataset. (B) The calibration curves is used to verify the consistency of predicted and actual 3-, 5-year outcomes.





WASF2 Knockdown Suppresses the Proliferation, Migration and Invasion of Ovarian Cancer Cells

To investigate the role of WASF2 in the migration and invasion of ovarian cancer cells, WASF2 expression was silenced using specific siRNAs (Figure 12A). The influence of silenced WASF2 on the proliferation of ovarian cancer cells was detected by the CCK8 assay, which showed that WASF2 knockdown significantly suppressed the proliferation of cells (Figure 12B). Meanwhile, we found that WASF2 knockdown inhibited the formation of filopodia (Figure 12C). Following WASF2 knockdown, cells exhibited a significantly slower closure of the wound area than control cells (Figures 12D, E) and the invasion potentials were significantly reduced compared with their respective control cells (Figures 12F, G). These results suggest that WASF2 serves an important role in the migration and invasion of ovarian cancer cells. Subsequent immunohistochemistry further confirmed WASF2 expression was significantly increased in ovarian cancer tissues (Figures 12H, I).




Figure 12 | Knockdown of WASF2 inhibits the proliferation, migration and invasion capacities of ovarian cancer cells in vitro. (A) Western blot analysis of transfection efficiency of the siRNA. (B) Cell proliferation was detected by using the CCK8 proliferation reagent. (C) WASF2 knockdown suppressed filopodia formation. (D, E) Effect of WASF2 knockdown in cell migration was determined by wound healing assay and the percentage of scratch-width closure measured by quantifying the images the scratch assay at 0, 6 and 12 h after incubation. (F, G) Invasiveness of ovarian cancer cells analyzed by transwell invasion assay (magnification, ×200) and bar graph showing quantitative results of the transwell assay. (H, I) Representative immunohistochemical staining of ovarian cancer tissues using anti-WASF2 antibody showing high expression of WASF2. *P < 0.05; **P < 0.01; ***P < 0.001. Scale bars = 50μm in H.






Discussion

In this study, we conducted a comprehensive methodology for pan-cancer analysis and investigated the roles of the WASF2 in cancers. Our results indicated that WASF2 was highly expressed in a variety of cancers, and its expression level was closely related to many tumor progression, stage and prognosis. Due to the significance of the TME in malignancies, the relationship between WASF2 and the infiltration of immune cells was worth further analysis. We found that WASF2 expression correlated with cancer immunity, immune regulatory genes, TMB and MSI. Then, we performed GSVA, GSEA and WGCNA analysis to further elucidate the potential mechanisms in ovarian cancer. In addition, we constructed a nomogram that could be used for assessing the survival probability of patients with ovarian cancer based on age, stage and the expression of WASF2. Finally, our in vitro experiments demonstrated that silencing WASF2 inhibited the proliferation, migration, and invasiveness of ovarian cancer cells, and confirmed that WASF2 were highly expressed in ovarian cancer by immunohistochemistry.

Our current study showed that the WASF2 was highly expressed in 19 cancers and low in 5 cancers. The results for BRCA (13), COAD (24), GBM (25), LGG (26) and STAD (27) were similar to the previous research. However, previous studies have reported that WASF2 expression was elevated in LUAD (12), which was inconsistent with our current results and required more experimental verification. We found that the expression of WASF2 was significantly increased in ovarian cancer, suggesting that WASF2 might play an important role in the development of ovarian cancer, which would provide new insights for anti-tumor therapy. As is known, critical analysis of factors involved in survival and prognosis can facilitate treatment decisions for patients and clinicians (28). Therefore, we also analyzed the relationship between WASF2 expression and survival. We found that high expression of WASF2 was accompanied by poor prognosis and short survival time for ACC, KICH, LAML, LGG, LIHC, and OV. However, our study identified that the high expression of WASF2 appeared to be a protective factors for HNSC, KIRC, THYM, and UVM. Despite of this, the elucidation of the specific mechanism still required further investigation. In conclusion, pan-cancer analysis of WASF2 was valuable for identifying differential expressions and the roles of WASF2 in many cancer types.

Nowadays, the metabolism and microenvironment of tumors are receiving more and more attention (29). And TME has emerged as a critical component in understanding the tumorigenesis and tumor progression (30, 31). In addition, TME, especially the immune microenvironment composed of tumor-infiltrating lymphocytes (B cells and T cells) and other immune cells (macrophages, neutrophils, and dendritic cells), has been taken into consideration for the tumor therapy (32–36). Studies have shown that immune cells may have both tumor promoting and tumor inhibiting roles in immune regulation (37–41). On the one hand, under normal circumstances, immune cells play a crucial role as a component of the innate immune system killing cancer cells and fighting infections (42). On the other hand, cancer cells have been shown to utilize a variety of mechanisms to escape immune surveillance (43, 44). Past research indicates that macrophages in TME can polarize to M2 macrophages, and M2 macrophages can further shape immune microenvironment that promotes tumor progression (45). Besides, the CD3+, CD4+, and CD8+ cell subsets of T lymphocytes, as well as the CD4+/CD8+ ratio, play a significant role in antitumor immunity (3). Neutrophils can help tumor cells escape immune surveillance by mediating tumor angiogenesis as well as promoting cancer cell invasion, proliferation, and metastasis (46, 47). However, there are few studies on the relationship between WASF2 and immune cell infiltration. In our analysis, we discovered that 14 malignancies were strongly associated with CD4+ T cells, 11 cancers were significantly associated with B cells, and 11 cancers were significantly associated with resting mast cells. In addition, our analysis showed that WASF2 expression levels in ovarian cancer were correlated with four different types of immune-infiltrating cells (T cells gamma delta, Macrophages M2, Dendritic cells activated, Eosinophils). At present, there is still no systematic molecular mechanism for the relationship between WASF2 and immune cells in ovarian cancer, which is innovative and worthy of further exploration. Our research further clarified that WASF2 had a wider range of tumor applicability, and confirmed that WASF2 expression was closely related to the biological processes of immune cells and immune-related molecules in most cancers. Besides that, our research also revealed the co-expression of WASF2 with genes encoding chemokine, immune checkpoint, immunosuppression, immune activation, MHC, and receptor proteins. These results indicated that WASF2 may serve an important role in the TME, affecting the prognosis of patients, and may be involved in the development of cancers, especially in ovarian cancer.

Recently, an increasing number of studies have demonstrated that TMB and immune cell infiltration played a vital role in immunotherapy response across multiple cancer types (48, 49). Previous studies showed that blood TMB can be used as a predictive biomarker in patients with non-small cell lung cancer and platinum-resistant recurrent ovarian cancer (50, 51). In addition, some studies have found there was a significant negative correlation between TMB values and prognosis prediction performances (52). For example, patients with low TMB had a worse outcome than those with high TMB (53). MSI has emerged as a potential biomarker for predicting therapeutic response to immune checkpoint inhibitors (ICI) (54). Only the MSI fraction of colorectal cancers has showed a good response to ICI treatment (55). In our study, we found that the expression of WASF2 was significantly associated with TMB in 9 cancer types and MSI in 9 cancer types. This might indicate that the aberrant WASF2 expression wound affect the TMB and MSI of cancer, thus impacting the patient response to ICI. Those provided a useful reference in the immunotherapy of cancer.

CellMiner is a database of genomic and pharmacologic tools for identifying drug patterns and transcripts in the NCI-60 cell line (56). We found that the high expression of WASF2 was positively correlated with the sensitivity of a few drugs approved by the FDA (Rapamycin and Itraconazole), and negatively correlated with 5 drugs (Dexrazoxane, AFP464, Oxaliplatin, Aminoflavone, and By-Product of CUDC-305). Our data showed that the expression of WASF2 in cancer cells could be regarded as a biological indicator to predict the sensitivity or resistance of cells to drugs, and provide effective support for subsequent basic research or clinical applications.

Next, we performed GSVA and GSEA analysis to explore underlying biological mechanisms in ovarian cancer. Our enrichment analysis indicated that WASF2 could potentially impact etiology or pathogenesis of ovarian cancer by functioning in mitotic spindle, genes down-regulated in response to ultraviolet radiation, Wnt/β-catenin signaling, heme metabolism, and G2/M checkpoint. The WGCNA results revealed that these genes were mainly enriched in negative regulation of cellular component organization, negative regulation of binding, mitotic cell cycle process, cellular component disassembly, and mRNA metabolic process. These results also suggested that WASF2 participated in various biological processes that promoted cancers development. This is in line with results from previous some experimental studies (9, 27, 57). Cohen et al. found that WASF2 complex regulates filamentous actin content and a decrease in actin levels is sufficient to elevate Wnt/β-catenin signaling (58). Numerous studies showed that the overexpression of WASF2 significantly promoted migration and invasion tumor cells and that tumor cell migration and invasion can be inhibited by downregulating WASF2 (14, 59–61).

Accordingly, our functional studies demonstrated that downregulating WASF2 could suppress the proliferation, migration and invasion of ovarian cancer cells. There were still some limitations in this study; for example, the specific molecular mechanism was not deeply studied. In addition, the precise regulatory mechanisms of WASF2 in the tumor microenvironment require further exploration in future studies. Finally, clinical samples were relatively small, and we will expand the sample size for analysis. And external validation was needed to conduct to verify the accuracy and reliability of prediction models in the future.

In conclusion, our comprehensive pan-cancer analysis showed the characterization WASF2 within tissue and cell line. Moreover, the expression of WASF2 has been associated with the risk and prognosis of multiple cancers. Based on the results of the present study, we hypothesized that WASF2 expression was associated with immune infiltration, and a potential marker of the TME. In addition, WASF2 expression was associated with TMB, MSI, and antitumor drugs sensitivity across various cancer types. Functional bioinformatics analysis demonstrated that the WASF2 may be involved in several signaling pathways and biological processes of ovarian cancer. Finally, a risk factor model was found to be predictive for OS in ovarian cancer based on the expression of WASF2. Meanwhile, it was further confirmed by immunohistochemistry that the higher expression of WASF2 in patients diagnosed with ovarian cancer. In summary, these results of this study might help elucidate the role of WASF2 in tumor occurrence and development.
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