








	BIOCELL
DOI: 10.32604/biocell.2023.029195
	[image: images]



	Research Article
	




Ring finger protein 157 is a prognostic biomarker and is associated with immune infiltrates in human breast cancer
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Abstract: Background: The protein encoded by ring finger protein 157 (RNF157) is known to function as an E3 ubiquitin ligase. However, whether the level of RNF157 expression in breast cancer correlates with prognosis and immune cell infiltration among breast cancer patients remains to be further explored. Methods: In this study, publicly available datasets were used for evaluating RNF157 expression in different tumors compared with normal samples. Several independent datasets were screened for investigating the relationship between RNF157 and breast cancer survival, different mutation profiles, and tumor immune cell infiltration. We conducted a pathway enrichment analysis to identify signaling pathways associated with RNF157. Results: Analysis of public and online databases revealed that RNF157 expression markedly decreased in breast cancer tissue samples compared to non-carcinoma counterparts. Consistently, immunohistochemistry assays also demonstrated this RNF157 down-regulation in breast cancer samples. RNF157 up-regulation could predict the improved survival of breast cancer cases. Further, different RNF157 expression level groups exhibited different mutational profiles. Pathway enrichment profiling of RNF157-related genes suggested its possible involvement in regulating breast cancer via the mitogen-activated protein kinase (MAPK) pathway. RNA sequencing (RNA-seq) data and genomic enrichment analysis showed that RNF157 downregulated several genes positively associated with the MAPK signaling pathway. We also explored RNF157 expression and immune cell infiltration in breast cancer and found that RNF157 mRNA levels were negatively related to non-T immune cell infiltration. Conclusion: According to our work, RNF157 may be a promising diagnostic biomarker and therapeutic target for breast cancer.
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Abbreviation List


		   
	AUC
	Area Under the Curve



	BRCA
	Breast Cancer



	CHDs
	Congenital Heart Defects



	CAN
	Copy Number Alteration



	CI
	Confidence Interval



	CCL7
	C-C motif Chemokine Ligand 7



	CCL20
	C-C motif Chemokine Ligand 20



	CXCL5
	C-X-C motif Chemokine Ligand 5



	DMEM
	Dulbecco’s Modified Eagle Medium



	DMFS
	Distant Metastasis-free Survival



	DCs
	Dendritic Cells



	ER
	Estrogen Receptor



	FBS
	Fetal Bovine Serum



	GEO
	Gene Expression Omnibus



	GO
	Gene Ontology



	Her2:
	Human epidermal growth factor receptor 2



	Hh signaling
	Hedgehog signaling



	HR
	Hazard Ratio



	IQR
	Interquartile Range



	KEGG
	Kyoto Encyclopedia of Genes and Genomes



	LUMB
	Luminal B



	MAPK
	Mitogen-activated Protein Kinase



	MEGF8
	Multiple Epidermal Growth Factor-like Domains 8



	M0
	no distant metastasis



	M1
	M stage I



	N0
	no regional lymph node metastasis



	N1
	N stage I



	N2
	N stage II



	N3
	N stage III



	NK
	Natural Killer



	OS
	Overall Survival



	PR
	Progesterone Receptor



	PAM50
	Prediction Analysis of Microarray 50



	RNF157
	Ring Finger Protein 157



	RNA-seq
	RNA sequencing



	RNF157-AS1
	RNA 1 of RNF157



	RMA
	Robust Multichip Average



	RFS
	Recurrence-free Survival



	ROC
	Receiver Operating Characteristic



	SDS
	Sodium Dodecyl Sulfate



	TCGA
	The Cancer Genome Atlas



	T1
	T stage I



	T2
	T stage II



	T3
	T stage III



	T4
	T stage IV



	TME
	Tumor Microenvironment



	Tregs
	Regulatory T cells





Introduction

In 2020, female breast cancer replaced lung cancer as the cancer type with the highest morbidity globally (Sung et al., 2021). Systemic treatment of early-stage breast cancer includes endocrine therapy, chemotherapy, targeted therapy, and immunotherapy (Duffy et al., 2017; Andre et al., 2022). There is currently no evidence to suggest that drug prevention reduces breast cancer mortality, and all drugs available only have the potential to prevent estrogen receptor (ER)-positive breast cancer (Britt et al., 2020). While radiotherapy remains an important cornerstone of breast cancer treatment, novel combinations of molecular biological markers, including immunohistochemical markers, genomic markers, and immune markers, provide an important foundation for increasingly sophisticated diagnostic approaches (Loibl et al., 2021). As a result, it is urgently needed to identify novel biomarkers for the diagnosis and prognosis of b-reast cancer to facilitate the development of new therapeutic approaches.

Ring Finger Protein 157 (RNF157) is a RING-Type E3 ubiquitin ligase and the gene is located on chromosome 17q25.1. RNF157 acts as a proteasomal degradation mediator involved in protein ubiquitination and degradation, thus affecting cell cycle, cell apoptosis, and gene transcription, among other physiological processes (Matz et al., 2015b; Dogan et al., 2017; Kosacka et al., 2018; Kong et al., 2020; Lin et al., 2021; Qi et al., 2022). In one report, silencing RNF157 expression led to G2/M phase arrest and induced apoptosis in melanoma cells (Dogan et al., 2017). Further, RNF157 could protect HLE-B3 cells from apoptosis by interacting with the tumor antigen p53 to promote its ubiquitination and degradation in human cataract samples (Qi et al., 2022). Knockdown of RNF157 was reported to promote neuronal apoptosis by ubiquitinating APBB1 and reduce its interaction with Tip11 (Matz et al., 2015b). Additionally, RNF157 upregulation was involved in the LY294002-mediated activation of autophagy in adipose tissue and activated apoptosis via the cleaved caspase‑3 signal pathway (Kosacka et al., 2018). A study showed that RNF157 combined with multiple epidermal growth factor-like domains 8 (MEGF8) to form a ubiquitin protease complex that promoted emergence of congenital heart defects (CHDs) by increasing catalyzing smoothened (SMO) ubiquitination and increased the strength of Hedgehog (Hh) signaling (Kong et al., 2020). According to a bioinformatic analysis, antisense RNA 1 of RNF157 (RNF157-AS1) expression was notably lower in ovarian cancer tissues. Furthermore, patients with low RNF157-AS1 expression had a lower survival rate (Lin et al., 2021). Despite such findings, RNF157 expression in breast cancer and its potential significance as a prognostic marker are yet to be established.

This study focused on investigating the relation between RNF157 expression and breast cancer prognosis. For this, we first obtained RNA-seq data for breast cancer samples using a publicly available dataset for analyzing differential RNF157 gene expression within pan-cancer and breast cancer samples. Immunohistochemistry and western blotting were then carried out for probing RNF157 levels in clinical breast cancer tissues and breast cancer cell lines. We also analyzed the clinical significance and gene mutations of RNF157 in breast cancer using several independent datasets. Additionally, functional enrichment analysis and the analysis of immune cell infiltration and migration of RNF157 were carried out to explore its potential diagnostic value in breast carcinogenesis and clinical prognosis.

Materials and Methods

Public data set processing for breast cancer

RNA-seq data based on The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov) was obtained and compiled from The Cancer Genome Atlas Breast Invasive Carcinoma (TCGA-BRCA) (breast invasive cancer) project STAR process. The data was extracted in the TPM format to remove non-clinical and duplicate information and then processed as log2 (value+1). Data was visualized using the ggplot2 package. We downloaded data from two Gene Expression Omnibus (GEO) datasets to obtain more clinical information related to breast cancer patients: GSE42568 (Clarke et al., 2013) (104 breast cancer and 17 normal breast biopsies) and GSE70947 (Barrett et al., 2013) (Age and estrogen-dependent inflammation in 148 breast adenocarcinoma and 148 normal breast tissue). All microarray data were called with the robust multichip average (RMA) method. We used the TIMER2.0 (http://timer.cistrome.org/) database for analyzing RNF157 levels among diverse cancers together with non-carcinoma samples (Li et al., 2020). A probability cutoff of 0.05 was applied.

Correlation between RNF157 and the tumor mutation burden

We employed cBioPortal web to carry out genetic (https://www.cbioportal.org/) alteration analyses (Gao et al., 2013). In addition, a “curated set of non-redundant studies” (184 studies, 10528 samples) from the “query” section was selected, and “RNF157” was imported for queries regarding genetic alteration features related to RNF157. Using the “cancer types summary” module, the alteration frequency, mutation type, and copy number alteration (CAN) results in many cancer types were obtained. Moreover, data on mutated sites of RNF157 were observed in the “mutations” module. We also used the “comparison/s-urvival” module for obtaining information on the differences in the overall survival (OS) and the relapse-free survival of patients with/without RNF157 genetic alterations.

Functional enrichment analysis

We carried out a bulk correlation analysis of RNF157 and all other molecular data in the TCGA database to find the biological pathways enriched by RNF157 using breast cancer transcriptome sequencing. The parametrization settings were |Cor| > 0.3, and p < 0.05. We then conducted an enrichment of the first 50 genes related to RNF157 in breast cancer using the R cluster Profiler package (Yu et al., 2012) for Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways (Liao et al., 2019). Statistical significance was set at the corrected p < 0.05. Finally, we utilized the ggplot2 package for creating a visual representation of the results obtained from the enrichment analysis.

Cell culture

Breast cancer cell lines namely MDA-MB-231, HS578T, UACC812, MCF7, and T47D were cultivated in Dulbecco’s Modified Eagle Medium (DMEM) with 10% fetal bovine serum (FBS) (Gibco, Detroit, MI, USA). HCC1954 cells were cultured with RPMI1640 (Gibco, Detroit, MI, USA) supplemented with 10% FBS. Normal breast epithelial MCF10A cells were cultivated within MEBM (Lonza, Switzerland) that contained 10% FBS. Cells were incubated at 37°C and an atmosphere of 5% CO2.

Western blotting

Total cellular protein extracts were obtained by lysing the cells with concentrated RIPA lysis buffer containing protease inhibitors. The extracted proteins were then separated using 10% sodium dodecyl sulfate (SDS)-polyacrylamide gel electrophoresis (PAGE) and transferred to polyvinylidene difluoride (PVDF) membranes. We added 5% skim milk to the membrane for 1h at room temperature to block non-specific binding. The membranes were then probed using primary antibodies against RNF157 (1:1000, #26189-1-AP, Abnova, Taiwan) and β-actin (1:5000, #3700T, Abcam, USA) for 24 h at 4°C. Western blots were observed and measured for intensity (Guo et al., 2015; Bai et al., 2019).

Immunohistochemistry

We used a total of 34 breast cancer tissues and 20 normal breast tissues for immunohistochemical (IHC) staining. The primary antibody against RNF157 (1:300 dilution, #bs-9226R; Bioss, China) was incubated with the samples at 4°C overnight. The sections were then treated with peroxidase-conjugated goat anti-rabbit secondary antibody (1:2,000 dilution, A0181; Beyotime, Shanghai, China) and incubated at room temperature for 2 h. Thereafter, 3,3′-Diaminobenzidine was added for IHC staining, followed by counterstaining with hematoxylin (Beyotime, Shanghai, China). The IHC staining results were analyzed and scored by two pathologists blinded to sample origin. The differences in RNF157 expression between breast cancer tissues and non-carcinoma counterparts were assessed based on the mean H-score.

Statistical Analysis

We employed R version 4.2.1 (R Foundation for Statistical Computing, Vienna, Austria) and GraphPad Prism 8.4 (GraphPad Software, Inc., San Diego, CA) to carry out all statistical analyses. Breast cancer patients were classified into two groups according to the median RNF157 gene expression level based on the TCGA database: low and high RNF157 expression groups. The overall survival between the two groups was analyzed by Kaplan-Meier (KM) curves and Wilcoxon log-rank tests. COX regression models were employed to perform univariate and multivariable analyses, while Spearman correlation was utilized for evaluating the correlation of RNF157 gene expression with other genes. RNF157-related genes were identified using Spearman’s correlation analysis.

Accession numbers of RNA, DNA and protein sequences used in the manuscript should be provided.

Results

Low expression of RNF157 in breast cancer

We have presented a flowchart to demonstrate our analysis methodology (Fig. 1). The analysis of TCGA RNA-seq data in the TIMER database revealed a significant downregulation of RNF157 mRNA expression in breast cancer, glioblastoma multiforme, kidney chromophobe, lung squamous cell carcinoma, skin cutaneous melanoma, and thyroid carcinoma compared to their respective non-cancerous counterparts (Fig. 2A). We employed the TCGA database for assessing RNF157 mRNA expression among breast cancer cases compared to expression in non-carcinoma samples. We used the TCGA database to assess RNF157 mRNA expression in breast cancer cases compared to expression in non-cancerous samples. We found that RNF157 expression markedly decreased within breast cancer samples as compared with para-carcinoma samples (p < 0.01) (Fig. 2B). An identical expression pattern was also confirmed in breast cancer samples and paired paraneoplastic tissues (Fig. 2C). We further analyzed two other independent external GEO datasets, GSE42568 and GSE70947 were analyzed to determine RNF157 mRNA expression within breast cancer tissues and non-carcinoma counterparts. The RNF157 mRNA expression level in breast cancer samples remarkably decreased compared with unpaired and paired samples (p < 0.001) (Figs. 2D and 2E).
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Figure 1: The flowchart illustrates our data collection and processing.
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Figure 2: The expression level of RNF157 in different human cancers. (A) TIMER was used to detect the expression levels of RNF157 in different tumors in The Cancer Genome Atlas (TCGA) database. (B and C) The expression level of RNF157 in unpaired tissues and paired adjacent tissues. (D and E) The expression level of RNF157 in unpaired tissues and paired adjacent tissues of GSE42568 and GSE70947 datasets. (F–I) The tumor tissues from patients with different clinical characteristics in TCGA [pathologic stage (F), progesterone receptor (PR) stage (G), estrogen receptor (ER) stage (H), and age (I)]. *p < 0.05, **p < 0.01, ***p < 0.001, ns, no significant.

RNF157 mRNA expression was also examined within diverse clinical categories based on the TCGA database to determine the correlation of RNF157 level with clinical characteristics of breast cancer cases. The relation of the RNF157 level with clinical characteristics in breast cancer cases is shown in Table 1. We found that the low expression of RNF157 was significantly related to the histological type (p < 0.001), progesterone receptor (PR) status (p < 0.001), ER status (p < 0.001), PAM50 (p < 0.001) and age (p < 0.001) of these patients (Figs. 2F–2I and Table 1). We then analyzed the correlation of RNF157 expression with the methylation status based on the UALCAN database to elucidate the mechanism underlying the aberrant down-regulation of RNF157 in breast cancer samples. The methylation level of RNF157 in breast cancer samples was evidently decreased compared to their para-carcinoma counterparts (Suppl. Fig. S1), indicating that the abnormally low expression of RNF157 in breast cancer may be related to significantly lower methylation levels.
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We examined breast cancer tissues from 34 patients and 20 corresponding adjacent tissue samples using immunohistochemistry for exploring the possible role of RNF157 in breast carcinogenesis. The results demonstrated weaker positive staining for RNF157 in breast cancer samples than the non-carcinoma samples, as shown in Figs. 3A and 3B. We further investigated RNF157 protein levels among seven breast cancer cell lines (MCF10A, MCF7, T47D, UACC812, HCC1954, MDAMB231, HS578T) and compared them with that of human breast epithelial cells. We observed a decrease in the abundance of RNF157 protein in cancer cell lines, except for the MDAMB231 cell line (Fig. 3C).

[image: images]

Figure 3: RNF157 expression in clinical specimens of breast cancer and breast cancer cell lines. (A) Immunohisto-chemical staining of RNF157 was performed in tumor tissues (n = 34) and paracarcinoma tissues (n = 20). Representative images are shown. Score bars, 50 mm. (B) Staining was quantified as shown. The dot plot depicts the means and standard deviation of 54 images of tumor tissues and adjacent normal tissues. (C) Western blot detecting the protein expression level of RNF157 in different breast cancer cell lines. **p < 0.01.

Low RNF157 expression predicted poor clinical outcomes of breast cancer and had diagnostic significance

To determine whether RNF157 expression is related to patient prognosis, we divided breast cancer cases derived from the TCGA database into two groups, the high and low RNF157 expression groups. The survival analysis based on the mean expression value of RNF157 was then performed. Overall survival analysis by the Kaplan Meier method suggested that low expression levels of RNF157 might predict poor OS (HR = 0.69, p = 5.7e-03) (Fig. 4A), distant metastasis-free survival (DMFS) (HR = 0.61, p = 2.9e-04) (Fig. 4B) and recurrence free survival (RFS) (HR = 0.7, p = 2.9e-06) (Fig. 4C).
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Figure 4: Kaplan–Meier survival curve analysis of the prognostic significance of RNF157 using the cancer genome atlas (TCGA) database and the diagnostic value of RNF157 expression in breast cancer. (A) Kaplan–Meier estimates of the overall survival (OS) probability of TCGA dataset patients for all breast cancer patients. (B and C) Subgroup analysis for relapse-free survival (RFS) (B) and distant metastasis-free survival (DMFS) (C). (D) Receiver operating characteristic (ROC) curve analysis for RNF157 expression in breast cancer and adjacent tissues. (E) Nomogram inclusive of RNF157 and independent clinical risk factors to predict 1-, 3-, and 5-year breast cancer survival probabilities. (F) Nomograms calibrated to predict the probabilities of 1-, 3- and 5-year survival. The gray line represents the actual survival.

We also analyzed the significance of RNF157 expression in predicting the prognosis of different breast cancer subgroups. The RNF157 down-regulation showed a positive relation with breast cancer patient cases at stage N3 (HR = 0.22, p = 0.016), with luminal B (LUMB) (HR = 0.44, p = 0.033) and with basal (HR = 0.45, p = 0.031) and were significantly associated with poor prognosis (Table 2).
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The univariate logistic regression illustrated that the RNF157 level was the categorical dependent variable, which predicted the dismal prognosis-related clinicopathological features (Table 3). Further, the down-regulated RNF157 expression in breast cancer was positively related to the histological type (OR = 2.157 for infiltrating lobular carcinoma vs. infiltrating ductal carcinoma), the PR status (OR = 2.297 for indeterminate and positive vs. negative), the ER status (OR = 3.026 for indeterminate and positive vs. negative), and PAM50 (OR = 0.416 for LumA and luminal B (LUMB) and Her2 and basal vs. normal). All were significant (p < 0.01).
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Univariate Cox analysis was applied to evaluate the factors influencing the OS. We found that a low expression RNF157 (HR = 0.640, 95% CI = 0.414–0.989, p = 0.045) was the predictive factor for worse OS. This was also seen for TNM stage (p < 0.001) and the histological type (p < 0.05) (Table 4). We then incorporated these factors were for multivariate Cox regression. It was observed that low RNF157 expression was an independent predictor of poor OS for breast cancer cases.
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We next plotted the receiver operating characteristic (ROC) curve for investigating whether RNF157 expression could be used to distinguish breast cancer tissues and non-carcinoma counterparts. As shown in Fig. 4D, an area under the ROC curve (AUC) value of 0.831 was obtained, indicating RNF157 was a potential biomarker for diagnosing breast cancer.

We then constructed nomograms using the RNF157 expression and independent clinical risk factors based on multivariate Cox analysis to better predict the prognosis of breast cancer. The sum of the scores assigned to each clinical risk factor in the model was rescaled to a range of 1 to 100 using a point scale, depending on the degree of contribution of each clinical risk factor to the outcome variable (the magnitude of the regression coefficient). The total score was obtained by adding up the individual scores, and eventually, the survival probability for breast cancer patients at 1-, 3-, and 5-years was predicted by transforming the relation of total score with outcome event probability into a function (Fig. 4E). The calibration curve was close to the ideal curve, which suggested that the predictions were satisfactorily linear (Fig. 4F). Overall, the above data indicated that RNF157 may be a candidate prognostic biomarker of OS for breast cancer patients.

RNF157 mutation characteristics in pan-cancer analysis

We used the cBioPortal network for studying RNF157 genetic alterations in human pan-cancer samples for understanding mutational profile of RNF157 during carcinogenesis. We found that the highest RNF157 “amplification” alteration frequency appeared for patients with breast cancer. Further, the “mutations” type was the least alteration frequency of RNF157 with breast cancer (>4% alteration frequency) (Fig. 5A). The genetic alterations of RNF157 including types, sites, and case numbers have been shown in Fig. 5B. Missense mutation represented the major genetic alteration type of RNF157, and it was detected among 85 cases. Additionally, truncating mutations occurred in six patients. Splice mutations and fusions were detected only in four cases.
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Figure 5: Mutational features of RNF157 in pan-cancer analysis. (A) Alteration frequency with the mutation type of RNF157 in human pan-cancer. (B) Sites and case numbers of the RNF157 genetic alteration are presented. (C and D) Association between RNF157 genetic alterations and clinical survival. (C) Overall survival (OS) (D) Relapse-free survival.

The relationship of genetic alterations in RNF157 with the clinical outcome of breast cancer was then analyzed. As shown in Figs. 5C and 5D, breast cancer cases with RNF157 alterations showed poor OS (p = 0.0437) and relapse-free survival (p = 1.202e-4). These results demonstrate that genetic alterations of RNF157 in breast cancer may be involved in altered RNF157 mRNA expression and poor clinical survival.

RNF157 is closely related to key factors in breast cancer and the mitogen-activated protein kinase signal pathway regulation in breast cancer

We analyzed the co-expression pattern of with other genes in breast cancer in the TCGA database for understanding its biological activity. We screened 25 positively correlated genes that displayed the greatest Spearman correlation coefficients along with 25 negatively correlated genes, which were illustrated by the heat map (Fig. 6A). To further understand the functional implications of these 50 genes that were most associated with RNF157 in breast cancer, functional enrichment analysis using GO and KEGG was done with the R cluster Profiler package. The results indicated that the MAPK signaling pathway and several microRNAs in breast cancer were enriched among these genes (Fig. 6B).
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Figure 6: Functional clustering and correlation analysis of RNF157 with the mitogen-activated protein kinase (MAPK) pathway regulatory genes in The Cancer Genome Atlas (TCGA). (A) Heatmap showing the top 50 genes in breast cancer that were positively and negatively related to RNF157. Red represents positively related genes and blue represents negatively related genes. (B) Gene Ontology (GO) term and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analyses of the RNF157-related genes in breast cancer. (C) Heatmap showing that the MAPK signaling pathway regulatory genes were positively or negatively associated with RNF157. Red represents positively related genes and blue represents negatively related genes. (D–G) Correlation analysis between RNF157 and the MAPK signaling pathway regulation genes in breast cancer in The Cancer Genome Atlas (TCGA). (D) MAP3K12, (E) ACVR1B, (F) MAP2K5 and (G) MAP4K3. ***p < 0.001.

To confirm whether RNF157 in breast cancer is associated with the 245 genes that were shown to be related to the MAPK signaling pathway (https://pathcards.genecards.org/) (Belinky et al., 2015), we constructed another heat map (Fig. 6C). The RNF157 down-regulation in breast cancer patients showed significant correlation with these genes. Moreover, the relationship of RNF157 with MAPK signaling pathway-related genes in breast cancer was further examined. We found that MAPK signaling pathway-related genes MAP3K12, ACVR1B, MAP2K5, and MAP4K3 showed a positive correlation with RNF157 (r > 0.3, p < 0.001) (Figs. 6D–6G). Collectively, RNF157 showed a close association with MAPK signaling pathway regulation in breast cancer.

Association of RNF157 with immune cell infiltration in breast cancer

Immune cells of the adaptive and innate immune systems infiltrate into the tumor microenvironment (TME) and modulate cancer development (Seager et al., 2017). The immune infiltration in breast cancer showing diverse RNF157 expression was analyzed using the TIMER database to explore the link between RNF157 expression and tumor immune response. We found that natural killer (NK) cells, CD8 + T lymphocytes, CD56 bright cells, mast cells, and eosinophils exhibited remarkably decreased infiltration levels in breast cancer cases showing RNF157 down-regulation compared with those showing RNF157 up-regulation. On the contrary, activated dendritic cells (DCs), macrophages, NK CD56 dim cells, B cells, and regulatory T cells (Tregs) displayed significantly increased infiltration levels in breast cancer cases with RNF157 down-regulation compared to those showing RNF157 up-regulation. The infiltration levels of T cells and DC cells were not significantly different in both groups (Fig. 7A). Caption and used consistently thereafter. Accepted abbreviations for statistical parameters are: P, n, SD, SEM, df, ns, ANOVA, t. Naming of chemicals should follow that given in Chemical Abstracts Service.
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Figure 7: Correlation analysis of RNF157 expression and immune infiltration in breast cancer. (A) Differential distribution of immune cells in patients with high RNF157 expression and low RNF157 expression. (B–E) The expression of RNF157 in breast cancer was correlated with immune cells infiltration. (B) B cells, (C) macrophages, (D) B cells, and (E) regulatory T cells (Tregs). **p < 0.01, ***p < 0.001.

The relation of RNF157 levels with immune infiltration in breast cancer was also examined. The RNF157 expression showed a positive relation with the infiltration level of mast cells (Fig. 7B, r = 0. 236, p < 0.001). However, RNF157 expression showed a negative relation with macrophage (Fig. 7C, r = 0.288, p < 0.001), B cells (Fig. 7D, r = 0. 279, p < 0.01), and Treg (Fig. 7E, r = 0.227, p < 0.01) infiltration levels.

The heat map displaying significant relations of the RNF157 level and with chemokines and chemokine receptors in breast cancer are shown in Figs. 8A and 8B. We synthetically examined the relation of the RNF157 level with chemokines and chemokine receptors to understand the relationship between the RNF157 level and the migration of immune cells. RNF157 expression showed a negative relation with CCL7 (r = −0.274, p = 3.05e-20), CCL20 (r = −0.28, p = 3.27e-21), and CXCL5 (r = −0.262, p = 1.4e-18) (Figs. 8C–8E). However, RNF157 was not related to other chemokines/chemokine receptors (−0.3 < r < 0.3). Collectively, RNF157 displayed a negative relation with chemokine levels and chemokine receptor levels in breast cancer.
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Figure 8: Correlation analysis between RNF157 expression and chemokines and/or chemokine receptors. (A) Heatmap analysis of the correlation between RNF157 and chemokines in pan-cancer analysis. (B) Heatmap analysis of the correlation between RNF157 and chemokine receptors in pan-cancer samples. (C–E) RNF157 expression in breast cancer was negatively correlated with C-C motif chemokine ligand 7 (CCL7), C-C motif chemokine ligand 20 (CCL20), and C-X-C motif chemokine ligand 5 (CXCL5).

Discussion

Human RNF157 is an E3 ubiquitin ligase that functions in different aspects of neuronal development. Specifically, RNF157 promotes neuronal survival by hydrolyzing the bridging protein amyloid beta precursor protein binding family B member 1 (APBB1) (Matz et al., 2015a). Further, RNF157 expression was found to promote the development of spontaneous hypertension (Ramachandran et al., 2020). RNF157 was found to promote prostate cancer progression by ubiquitinating HDAC1 leading to macrophage M2 polarization (Guan et al., 2022). In another report, RNF157-AS1 enhanced the sensitivity of tumor cells, including EOC cells, to cisplatin (Xu et al., 2023). Interestingly, it appears that RNF157-AS1 may play a role in regulating HCC progression and triggering resistance to adriamycin through metabolic pathways such as fatty acid metabolism and oxidative phosphorylation (Zhang et al., 2022). These findings are particularly intriguing and suggest that RNF157-AS1 may have significant therapeutic potential in cancer treatment. Additionally, RNF157-AS1 down-regulation has been previously suggested to predict a poor prognostic outcome in ovarian cancer (Lin et al., 2021). Notwithstanding these findings, little research regarding RNF157 within breast cancer is available. Our work focused on comprehensively determining the biological activity of RNF157 and its possible regulatory pathways in breast cancer using bioinformatics analysis.

Bioinformatics analysis was conducted in the present work using TCGA-derived high-throughput RNA sequence data. According to our results, RNF157 mRNA expression decreased in breast cancer samples and was related to clinicopathological features. Low RNF157 expression predicted reduced OS, RFS, and DMFS as shown by Kaplan-Meier curves, univariate regression, and multivariate regression. Hence, RNF157 is a candidate biomarker to potentially diagnose and differentiate breast cancer from non-carcinoma tissues. The mutational characterization of RNF157 in pan-cancer samples showed that “amplification” was the most frequent alteration type (>4%) in breast cancer type. Further, the missense mutation of RNF157 represented the main genetic alteration type, and was detected in 18 cases. Genetic alterations of RNF157 in breast cancer may be involved in poor clinical survival.

Some findings show that tumor cell growth-related signaling pathways are often over-activated in cancer (Zhao et al., 2021). The MAPK/Extracellular signal-regulated kinase 1/2 (ERK) signaling pathway was highly activated and plays a pivotal role in promoting tumor growth in breast cancer (Di et al., 2015). GO and KEGG analyses were conducted for analyzing the molecular mechanism underlying RNF157-induced breast cancer development. We found that low expression of RNF157 was related to the MAPK pathway, microRNAs in cancer pathway, mitophagy animal pathway, and the arginine biosynthesis pathway. The MAPK signaling pathway-related gene set showed the highest enrichment in the high-RNF157-expression group. The reported correlation between MAPK signaling pathway regulatory genes and RNF157 reaffirms that high expression of RNF157 may inhibit breast cancer progression mainly through the regulation of the MAPK signaling pathway. Further, we found that RNF157 showed a positive correlation with the MAPK signaling pathway regulatory genes, such as MAP3K12, ACVR1B, MAP2K5, and MAP4K3. According to a report, MAP3K12 triggered apoptosis in breast cancer cells by interacting with TG2 to inhibit calmodulin C (Robitaille et al., 2008). Further, MAP2K5 up-regulates ZEB1 and SNAI2 levels to accelerate the epithelial–mesenchymal transition (EMT) phenotype of breast cancer cells (Zhou et al., 2008). MAP2K5 contributes to the consistent phosphorylation of ERK5, which then enhances its nuclear translocation and activates the MAP2K5-ERK5 pathway toincrease thyroid epithelial cell malignancy (Ye et al., 2019). Based on high-throughput data on knocking down MAP4K3-induced cell viability, MAP4K3 was a new therapeutic target for breast cancer (Park et al., 2015). Thus, RNF157 may have the potential to suppress cell proliferation and migration of breast cancer by downregulating specific genes involved in the MAPK signaling pathway.

The TME has an important impact in diagnosing and predicting tumor prognosis and estimating tumor sensitivity to clinical treatments (Ciavarella et al., 2018). As a major component of the TME, immune infiltration has been exhibited to contribute to tumor progression and immunotherapeutic response (Balkwill et al., 2012; Zhang and Zhang, 2020).

On these lines, our results showed that there were fewer NK cells, CD8+ T lymphocytes, CD56 bright cells, mast cells, and eosinophils in the RNF157 down-regulation group compared to the RNF157 up-regulation group. More numbers of activated DCs were revealed in the RNF157 down-regulation cancer group compared to the RNF157 up-regulation group. NK cells and TAM infiltrated in the TME were shown to trigger a strong immunosuppressive activity, which reduces IFN-g secretion and induces T cell dysfunction (Solinas et al., 2009; Platonova et al., 2011). Subgroups with more infiltrated regulatory T cells in breast and ovarian cancers were less likely to develop lymph node metastasis and have a better prognosis, suggesting that regulatory T cells have anti-tumor effects (Punkenburg et al., 2016; Salazar et al., 2020; Qi et al., 2022). Further, PD-L1(+) tumors had greater CD8(+) T-cell infiltrates than PD-L1(−) tumors (688 cells/mm vs. 263 cells/mm; p < 0.0001) (Lee et al., 2022). Additionally, the MEK5 extracellular signal-regulated kinase (Erk)5 crosstalk mediates signals from various extracellular stimuli to the nucleus and regulates most cellular processes (Zhou et al., 1995). This is inclusive of gene expression, proliferation, apoptosis, and motility (Chang and Karin, 2001; Johnson and Lapadat, 2002).

Chemokines exert critical effects on directional immune cell migration (Ley, 2003; Kanemitsu et al., 2005; Pallandre et al., 2008; Phua et al., 2019). They can promote leukocyte subpopulations to specifically migrate to the TME or inflammation sites (Thelen, 2001). The corresponding ligands combine with the receptor’s extracellular N-terminal, causing serine/threonine residue phosphorylation in the cytoplasmic C-terminal, thereby inducing signaling as well as receptor desensitization (Thelen, 2001). The chemokines and their receptor pairs can regulate cell migration and influence cell activities such as growth, survival, migration and invasion by modulating chemokine expression (Baggiolini et al., 1997; Fulton, 2009). According to our results, the relation between RNF157 expression and immune cell chemokine levels within breast cancer was examined using the TISIDB database. Chemokine CCL7 was found to promote the growth and self-renewal of breast cancer cells (Rajaram et al., 2013; Wu et al., 2015).

An intraperitoneal injection of anti-CCL20 antibody could inhibit bone metastasis of osteolytic breast cancer cells in mice (Lee et al., 2017; Chen et al., 2018). The RNF157 expression showed a negative correlation with CCL7, CCL20 and CXCL5 levels, indicating that RNF157 down-regulation might impact immune cell migration to the TME.

Although we combined data on the function of RNF157 in breast cancer from several databases, certain limitations should still be noted in our present work. Firstly, the analysis of immune cell markers may introduce systematic bias as we analyzed tumor tissue data to collect RNFI157 microarray and sequencing data. Secondly, the present work just performed a bioinformatic analysis of the effect of RNF157 on breast cancer using many databases. Both in vitro and in vivo experiments should be performed for demonstrating how RNF157 affects MAPK signaling pathway in tumor cells. Thirdly, we concluded that RNF157 expression was tightly related to immune infiltration as well as the prognostic outcome of breast cancer. However, direct evidence of whether RNF157 could affect prognosis through its involvement in immune infiltration is lacking, which deserves more studies.

To conclude, RNF157 expression was markedly decreased in breast cancer, which strongly predicted the dismal prognostic outcome of breast cancer cases. Further, RNF157 is a potential promising biomarker to diagnose and predict breast cancer prognosis. RNF157 may influence breast cancer progression by regulating the MAPK signaling pathway to influence the breast cancer cell cycle and immune infiltration.

Conclusions

Our study demonstrated that RNF157 might be a promising biomarker used to predict breast cancer prognosis. The effects of low RNF157 expression and its prognostic value need to be verified in more breast cancer clinical samples and patients with long-term follow-up data. The molecular mechanism of how RNF157 affects the MAPK signaling pathway is also a worthwhile avenue for investigation.
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Figure S1: DNA methylation and mutational features of RNF157 in breast cancer from the the Cancer Genome Atlas (TCGA) database. The DNA methylation level of RNF157 in breast cancer. The data were obtained from the UALCAN database. ***p < 0.001.
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TABLE 1

Relation of the RNF157 level with clinical features among breast

cancer cases

Characteristics Low RNF157 High RNF157 p-
expression expression value

N 541 542

T stage, n (%) 0.200

T1 139 (12.9%) 138 (12.8%)

T2 324 (30%) 305 (28.2%)

T3 58 (5.4%) 81 (7.5%)

T4 19 (1.8%) 16 (1.5%)

N stage, n (%) 0.510

NO 259 (24.3%) 255 (24%)

N1 185 (17.4%) 173 (16.3%)

N2 58 (5.5%) 58 (5.5%)

N3 32 (3%) 44 (4.1%)

M stage, n (%) 1.000

MO 460 (49.9%) 442 (47.9%)

M1 10 (1.1%) 10 (1.1%)

Pathologic stage, n (%) 0.314

Stage I 85 (8%) 96 (9.1%)

Stage II 325 (30.7%) 294 (27.7%)

Stage III 112 (10.6%) 130 (12.3%)

Stage IV 9 (0.8%) 9 (0.8%)

Histological type, n (%) <0.001

Infiltrating ductal 433 (44.3%) 339 (34.7%)

carcinoma

Infiltrating lobular 71 (7.3%) 134 (13.7%)

carcinoma

PR status, n (%) <0.001

Negative 224 (21.7%) 118 (11.4%)

Indeterminate 3 (0.3%) 1(0.1%)

Positive 291 (28.1%) 397 (38.4%)

ER status, n (%) <0.001

Negative 176 (17%) 64 (6.2%)

Indeterminate 2 (0.2%) 0 (0%)

Positive 341 (32.9%) 452 (43.7%)

HER? status, n (%) 0.089

Negative 274 (37.7%) 284 (39.1%)

Indeterminate 5 (0.7%) 7 (1%)

Positive 92 (12.7%) 65 (8.9%)

PAM50, n (%) <0.001

Normal 15 (1.4%) 25 (2.3%)

LumA 233 (21.5%) 329 (30.4%)

LumB 79 (7.3%) 125 (11.5%)

Her2 63 (5.8%) 19 (1.8%)

Basal 151 (13.9%) 44 (4.1%)

Age, median (IQR) 56 (47, 65) 60 (50, 68) <0.001

Note: PR, progesterone receptor; ER, estrogen receptor; Her2, human
epidermal growth factor receptor; Bold values: p < 0.001.
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TABLE 3

Relation of the RNF157 level with clinicopathological characteristics (logistic regression)

Characteristics Total (N) Odds ratio (OR) p-value
T stage (T3&T4 vs. T1&T2) 1,080 1.179 (0.852-1.634) 0.321
N stage (N1 and N2 and N3 vs. NO) 1,064 1.047 (0.823-1.332) 0.710
M stage (M1 vs. MO) 922 1.022 (0.416-2.515) 0.961
Pathologic stage (Stage III and Stage IV vs. Stage I and Stage II) 1,060 1.130 (0.854-1.496) 0.392
Histological type (infiltrating lobular carcinoma vs. infiltrating ductal carcinoma) 977 2.157 (1.574-2.973) <0.001
PR status (indeterminate and positive vs. negative) 1,034 2.297 (1.762-3.005) <0.001
ER status (indeterminate and positive vs. negative) 1,035 3.026 (2.227-4.148) <0.001
PAMS50 (LumA and LumB and Her2 and Basal vs. Normal) 1,083 0.416 (0.202-0.809) 0.012

Note: PR, progesterone receptor; ER, estrogen receptor; Bold values: p < 0.001.
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TABLE 4

Univariate regression and multivariate survival analysis (overall survival) of prognostic covariates in patients with breast cancer

Characteristics Total (N) Univariate regression  Ultivariate regression
Hazard ratio (95% CI) p-value Hazard ratio (95% CI) p-value
T stage 1059
T1&T2 892 Reference
T3&T4 167 1.902 (1.174-3.081) 0.009 1.184 (0.606-2.313) 0.621
N stage 1044
NO 511 Reference
NI&N2&N3 533 3.797 (2.222-6.489) <0.001 3.034 (1.604-5.738) <0.001
M stage 903
Mo 884 Reference
M1 19 7.454 (3.988-13.931) <0.001 3.166 (1.450-6.915) 0.004
Histological type 958
Infiltrating ductal carcinoma 758 Reference
Infiltrating lobular carcinoma 200 0.471 (0.226-0.982) 0.045 0.655 (0.250-1.714) 0.389
PR status 1014
Negative 334 Reference
Indeterminate and positive 680 0.527 (0.340-0.818) 0.004 0.859 (0.358-2.062) 0.733
ER status 1015
Negative 232 Reference
Indeterminate and positive 783 0.569 (0.357-0.906) 0.017 0.585 (0.236-1.449) 0.247
HER?2 status 716
Negative 550 Reference
Indeterminate and positive 166 1.400 (0.701-2.796) 0.340
PAMS50 1062
Normal 39 Reference
LumA and LumB and Her2 and Basal 1023 1.725 (0.424-7.018) 0.446
Age 1062
<=60 590 Reference
>60 472 1.445 (0.941-2.219) 0.093 1.656 (0.955-2.874) 0.073
RNF157 1062
Low 530 Reference
High 532 0.640 (0.414-0.989) 0.045 0.599 (0.342-1.048) 0.073

Note: PR, progesterone receptor; ER, estrogen receptor; Her2, human epidermal growth factor receptor; CI, confidence interval; Bold values: p < 0.05.
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TABLE 2

Relation of the RNF157 level with diverse clinical subgroups of breast cancer patients

Characteristic N (%) Hazard ratio (HR) (95% Cl) p-value
T stage

T1 277 (25.6%) HR = 1.13 (0.57-2.26) p=0.721
T2 629 (58.2%) HR = 0.89 (0.57-1.40) p=0.616
T3 139 (12.9%) HR = 0.94 (0.42-2.10) p=0.877
T4 35 (3.2%) HR = 0.75 (0.25-2.24) p = 0.604
N stage

NO 514 (48.3%) HR = 0.99 (0.54-1.80) p=0.972
N1 358 (33.6%) HR = 1.23 (0.74-2.06) p=0.419
N2 116 (10.9%) HR = 0.65 (0.27-1.56) p=0.333
N3 76 (7.1%) HR = 0.22 (0.06-0.76) p =0.016
M stage

MO 902 (97.8%) HR = 0.99 (0.69-1.41) p =0.949
M1 20 (2.2%) HR = 0.48 (0.16-1.40) p=20.18
PAMS50

Normal 40 (3.7%) HR = 0.50 (0.10-2.48) 0.393
LumA 562 (51.9%) HR = 1.29 (0.79-2.12) 0.306
LumB 204 (18.8%) HR = 0.44 (0.21-0.94) 0.033
Her2 82 (7.6%) HR =2.85 (0.91-8.87) 0.071
Basal 195 (18%) HR = 0.45 (0.22-0.93) 0.031

Note: Her2, human epidermal growth factor receptor; Bold values: p < 0.05.
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