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RNA processing converts primary transcript RNA into mature RNA. Altered RNA processing drives tumor initiation and maintenance, and may generate novel therapeutic opportunities. However, the role of RNA processing factors in gastric cancer (GC) has not been clearly elucidated. This study presents a comprehensive analysis exploring the clinical, molecular, immune, and drug response features underlying the RNA processing factors in GC. This study included 1079 GC cases from The Cancer Genome Atlas (TCGA, training set), our hospital cohort, and two other external validation sets (GSE15459, GSE62254). We developed an RNA processing-related prognostic signature using Cox regression with the least absolute shrinkage and selection operator (LASSO) penalty. The prognostic value of the signature was evaluated using a multiple-method approach. The genetic variants, pathway activation, immune heterogeneity, drug response, and splicing features associated with the risk signature were explored using bioinformatics methods. Among the tested 819 RNA processing genes, we identified five distinct RNA processing patterns with specific clinical outcomes and biological features. A 10-gene RNA processing-related prognostic signature, involving ZBTB7A, METTL2B, CACTIN, TRUB2, POLDIP3, TSEN54, SUGP1, RBMS1, TGFB1, and PWP2, was further identified. The signature was a powerful and robust prognosis factor in both the training and validation datasets. Notably, it could stratify the survival of patients with GC in specific tumor-node-metastasis (TNM) classification subgroups. We constructed a composite prognostic nomogram to facilitate clinical practice by integrating this signature with other clinical variables (TNM stage, age). Patients with low-risk scores were characterized with good clinical outcomes, proliferation, and metabolism hallmarks. Conversely, poor clinical outcome, invasion, and metastasis hallmarks were enriched in the high-risk group. The RNA processing signature was also involved in tumor microenvironment reprogramming and regulating alternative splicing, causing different drug response features between the two risk groups. The low-risk subgroup was characterized by high genomic instability, high alternative splicing and might benefit from the immunotherapy. Our findings highlight the prognostic value of RNA processing factors for patients with GC and provide insights into the specific clinical and molecular features underlying the RNA processing-related signature, which may be important for patient management and targeting treatment.
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Introduction

Gastric cancer (GC) is the third leading cause of cancer-related mortality and the fifth most frequently diagnosed malignancy worldwide (1), with almost 1,000,000 estimated new cases and 800,000 deaths each year (1, 2). Due to the lack of early symptoms, most patients with GC are usually diagnosed at an advanced stage (3). Despite effective treatment, relapse and metastasis are common in advanced GC, causing a fairly low 5-year survival rate (<20%) (4). To date, the tumor-node-metastasis (TNM) staging system remains the gold standard for predicting prognosis and guiding GC treatment decisions (5). However, the high heterogeneity leads to different outcomes among patients with the same TNM stage and treatments (6). Therefore, it is imperative to investigate the in-depth molecular mechanisms involved in GC occurrence and development to identify novel prognostic biomarkers and potential therapeutic targets.

RNA processing, connecting genotype to phenotype, is a process that converts the primary transcript RNA into mature RNA (7). RNA processing regulates activities as diverse as tissue-specific gene expression, apoptosis, and maturation of the immune response, among many others (8). Altered RNA processing functionally drives tumor initiation and maintenance, and may generate novel therapeutic opportunities (9). Given that dysregulated expression of RNA processing factors can contribute to abnormalities in a series of RNA processing phases, such as mRNA transport, editing, and decay (9), systematic examination of the role of RNA processing factors in GC is necessary.

RNA processing factors also function in intron removal and regulate alternative splicing events (ASEs) of individual genes (10). Aberrant selective RNA processing, especially alternative splicing, could cause a series of consequences, from changing the stability to adding or deleting structural domains and modifying the interactive relationship between proteins (11). Recently, we demonstrated that aberrant ASEs play an essential role in GC occurrence and development (12, 13). However, to date, the relationship between the dysregulated RNA processing factors and the aberrant ASEs has not been clearly elucidated.

In the present study, we systematically explored the expression profile of RNA processing factors and their prognostic values in 1079 patients with GC. We used three different GC cohorts, including RNA sequencing (RNA-seq) data and microarray data, to construct and validate the RNA processing-related prognostic signature. We constructed a composite prognostic nomogram to facilitate clinical practice by integrating this RNA processing-related signature with age and tumor stage. Then, we analyzed the association between the signature and clinical outcomes, genetic variants, pathway activation, immune heterogeneity, and drug response features. Besides, we profiled the ASEs underlying GC stratified by this risk signature and identified the corresponding functions.



Materials and Methods


Gastric Cancer Dataset Source

We obtained 214 fresh frozen tumor specimens and clinical data from patients with GC who underwent gastrectomy as primary treatment at the Harbin Medical University (HMU) Cancer Hospital to construct the HMU-GC cohort. All samples were collected after written informed consent had been obtained from the patients. The study was approved by the HMU Cancer Hospital Institutional Review Board. RNA isolation, library construction, and mRNA sequencing were performed by Novogene (Beijing, China). The data were deposited in the Gene Expression Omnibus (GEO) repository (PRJNA718168).

We also systematically searched public gene expression data and complete clinical annotation in GEO and The Cancer Genome Atlas (TCGA) database. GC cohorts that: 1) had <150 patients; 2) lacked raw CEL files; 3) lacked basic clinical information (sex, age, TNM stage); or 4) lacked survival information were removed from further evaluation. Finally, four eligible GC cohorts, our HMU-GC cohort and three public datasets (GSE15459, GSE62254, TCGA-STAD), were included in the study for further analysis.



Data Preprocessing

For microarray data from the GEO database, the raw CEL files were downloaded. To calculate absolute mRNA expression levels, we used the RMA (Robust Multi-array Average) method provided through the affy package to obtain background-adjusted, quantile-normalized, and probe-level data-summarized values for all probe sets (14, 15). For high-throughput sequencing data from the HMU-GC and TCGA-STAD datasets, raw read count values were transformed into transcripts per kilobase million (TPM) values, which are more similar to those generated from microarrays and are more comparable between samples (16). Batch effects from non-biological technical biases were corrected using the ComBat algorithm in the sva package (17).

The Affymetrix probe ID from the microarray data was annotated to gene symbols according to the GPL570 platform. For multiple probes that mapped to one gene, the mean expression value was considered. The Ensembl ID for mRNAs from high-throughput sequencing data was transformed to gene symbols via the biomaRt package (18). The mRNAs with TPM values of <1 in over 90% of samples were considered transcriptional noise and filtered out.



Collection of RNA Processing Factors

RNA processing factors, defined as genes that participate in any process involved in the conversion of ≥1 primary RNA transcripts into ≥1 mature RNA molecules, were first collected from the gene ontology (GO) term (GO:0006396) in the AmiGO database (19). RNA processing factors with sufficiently reliable expression, shared among the eligible GC cohorts, were retained for further analyses.



Unsupervised Clustering for RNA Processing Factors

Unsupervised clustering analysis was performed via hierarchical consensus clustering to identify the distinct RNA processing patterns based on the expression of RNA processing factors to classify patients for further analysis. The optimal number of clusters and their stability were determined by the consensus clustering algorithm. The above steps were performed using the ConsensusClusterPlus package, and 1000 repetitions were conducted to guarantee the stability of classification (20).

Gene set variation analysis (GSVA) was performed with the GSVA package (21), using the hallmark gene sets downloaded from MSigDB (22) to generate enrichment scores for each pathway per sample. Subsequently, we compared the GSVA enrichment score to explore the differences in biological functions and pathways among the distinct clusters. The overall survival (OS) of patients in the different RNA processing clusters was compared with Kaplan-Meier survival analysis with log-rank testing.



Identification of the RNA Processing-Related Prognostic Signature

Univariate Cox proportional hazards regression analysis was first performed on the expression matrix of RNA processing factors to estimate the relationship between RNA processing factors and prognosis (OS) in the TCGA-STAD cohort. RNA processing factors with p-value < 0.1 were selected as the potential prognosis-related RNA processing factors.

As the discovery cohort, the TCGA-STAD cohort was randomized into two subsets based on 5-fold sampling to enhance the robustness of this prognostic signature. The training set included 4-fold GC samples, and the internal testing set included the remaining 1-fold GC samples. The least absolute shrinkage and selection operator (LASSO) penalty was performed in the discovery cohort to build an optimal prognostic signature with the minimum number of RNA processing factors. Ten-fold cross-validation was conducted to tune the optimal value of the penalty parameter λ, which yields the minimum partial likelihood deviance. Finally, a set of RNA processing factors, the RNA processing-related prognostic signature, and their non-zero coefficients were identified.

The risk score for the signature was calculated for each sample based on the following formula:

	

where Coefi is the coefficient and Ei is the normalized expression value of each selected gene by log2 and z-score transformations. Patients were dichotomized into high-risk and low-risk groups using the cohort-specific median risk score as the cut-off. The performance of risk groups determined by the risk score was assessed based on the restricted mean survival (RMS) time difference between the high-risk and low-risk groups (23). Kaplan-Meier curves were generated for survival rates, with difference detection based on log-rank testing.



Development and Verification of a Composite RNA Processing–Clinical Prognostic Nomogram

Based on the multivariate analyses results, we integrated age, TNM stage, and the RNA processing-related prognostic signature to generate a composite prognostic model by applying a Cox proportional hazard regression in the TCGA-STAD cohort. The corresponding coefficients derived from the TCGA-STAD cohort were then used in the other two validation sets (HMU and GEO) for further validation. The prognostic value of the composite prognostic model was compared with the TNM staging system in terms of the concordance index (C-index), revealed by the RMS curve (24). The RMS represents the life expectancy at 60 months for patients with different risk scores. Finally, a nomogram was generated for model visualization and clinical application. The performance of the nomogram was evaluated by time-dependent receiver operator characteristic (ROC) analysis, calibration curve, and decision curve analysis (DCA) (25).



Construction of Regulatory Network Between RNA Processing Factors and ASEs

The corresponding alternative RNA splicing data of the TCGA-STAD cohort were downloaded from the TCGA SpliceSeq database (26). Splicing events in the dataset were divided into seven categories: exon skip (ES), retained intron (RI), alternate promoter (AP), alternate terminator (AT), alternate donor site (AD), alternate acceptor site (AA), and mutually exclusive exons (ME). To generate a reliable set of ASEs, we implemented a series of stringent filters, which included “percentage of samples with PSI value ≥ 75%” and “average PSI value ≥ 0.05”. Only ASEs meeting the above criteria were included for further analysis. Each splicing event was quantified by the percent spliced in (PSI) value (27), representing the ratio of included transcript reads in the total transcript reads.

To investigate the potential functions of RNA splicing, we performed enrichment analysis for all differential spliced genes in GC samples with lower risk (first quartile) and higher risk (fourth quartile) scores. These differential spliced genes were mapped to the Search Tool for the Retrieval of Interacting Genes/Proteins (STRING) database to observe the protein–protein interaction relationship (28). The protein interaction network was constructed to explore the potential impact of RNA splicing on protein-protein interactions in GC.

The potential association of the differential PSI values of ASEs between GC samples with lower and higher risk scores were predicted using RNA processing factors with significant expression levels. We calculated the Pearson’s correlation for each RNA processing factor-ASE pair. The RNA processing factor-ASE pair with absolute correlation coefficients > 0.5 and Benjamini-Hochberg adjusted p-value < 0.05 were considered significant. The potential regulatory network was visualized with Cytoscape (29).



Immunohistochemical Analysis

Protein expression data were obtained from the Human Protein Atlas (HPA) database, the largest and most comprehensive database for evaluating protein distribution in human tissues (30). The protein expression of the selected RNA processing factors in normal and GC tissues was determined using the immunohistochemical staining images.



Bioinformatics Analyses

GO and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses were utilized for gene set functional annotation. The functional enrichment of risk score-associated genes was investigated in gene set enrichment analysis (GSEA) using the clusterProfiler package (31, 32). We also performed GSVA to determine the functional differences between the risk groups. The mutation landscape was created with the maftools package with the initial removal of 100 FLAGS (frequently mutated genes) (33, 34). The presence of infiltrating stromal and immune cells in tumors was estimated with the estimate package (35). The population abundance of tissue-infiltrating immune and stromal cell populations was assessed with the MCPcounter package (36).

The gene module associated with the RNA processing-related prognostic signature was identified using weighted correlation network analysis (WGCNA) according to the protocol and recommendations of the WGCNA package (37). A scale-free topology fitting index (R2) > 0.85 was set as the threshold to construct the weighted gene co-expression network. A minimum cluster size of 30 and a merge threshold function of 0.25 were chosen as the thresholds for identifying co-expressed gene modules. A biweight midcorrelation coefficient (r) ≥ 0.3 and p-value < 0.05 were set as the thresholds for determining gene modules associated with the prognostic signature.

Based on three public drug sensitivity databases, GDSC (Genomics of Drug Sensitivity in Cancer) (38), CTRP (Cancer Therapeutics Response Portal) (39), and PRISM (40), the pRRophetic package was applied for predicting chemotherapeutic response by using ridge regression to estimate the area under the dose–response curve (AUC) value for each sample (41, 42). The prediction accuracy was evaluated by 10-fold cross-validation based on each training set. Lower AUC values indicated increased sensitivity to treatment. Seven common chemotherapeutic agents (5-fluorouracil, cisplatin, oxaliplatin, capecitabine, paclitaxel, docetaxel, irinotecan) were selected for predicting the chemotherapeutic response (43). Furthermore, we predicted the relationship between the RNA processing-related prognostic signature and immunotherapy response using the Tumor Immune Dysfunction and Exclusion (TIDE) web tool (http://tide.dfci.harvard.edu/) (44). Patients with higher TIDE scores have a higher chance of antitumor immune escape, thereby exhibiting a lower immunotherapy response rate.



Statistical Analyses

All statistical tests were performed with R statistical software (v4.0.2) using Mann-Whitney testing for continuous data and Fisher’s exact testing for categorical data. Correlation between two continuous variables was measured by Pearson’s correlation coefficient. The hazard ratio (HR) and 95% confidence intervals (CI) were estimated by a Cox regression model using the survival package. Survival analysis was carried out using Kaplan–Meier methods. The statistical significance of differences was determined using log-rank testing. The RMS curve and RMS time difference were estimated with the survRM2 package. The time-dependent AUC was computed using the timeROC package. The C-index was compared with the compareC packages. For all statistical analyses, a two-tailed p-value < 0.05 was considered significant.




Results


Overview of RNA Processing Factors in GC

A total of 1079 patients diagnosed with GC from four independent datasets (GSE15459, GSE62254, HMU-GC, TCGA-STAD) were ultimately included in this study. First, 929 genes, annotated as RNA processing factors in the GO term (GO:0006396), were acquired from the AmiGO database (Supplementary Table 1). After low-expression genes had been filtered out, 819 genes were present in all datasets (Supplementary Table 2). The entire workflow of this study, including the filtration of RNA processing factors, development and validation of a prognostic signature, the construction of a composite processing-clinical prognostic nomogram and, the analyses of signature-associated alteration of the ASEs and RNA expression profiles, are delineated in Supplementary Figure 1.



Identification of the Five Distinct RNA Processing Patterns

Patients with qualitatively different RNA processing patterns were classified using a meta-cohort (GSE15459, GSE62254, HMU-STAD, TCGA-STAD). Five distinct patterns were eventually identified using unsupervised hierarchical clustering (Figures 1A, B): 385 cases in cluster 1, 171 cases in cluster 2, 206 cases in cluster 3, 174 cases in cluster 4, and 143 cases in cluster 5. Prognostic analysis of the five main RNA processing subtypes showed significant survival differences (log-rank test, p < 0.01; Figure 1C). Patients in clusters 2 and 3 had better prognosis than those in clusters 1 and 5 (Figure 1C).




Figure 1 | Identification of the five distinct RNA processing patterns. (A) Heatmap showing consensus clustering analysis for the five defined RNA processing patterns. (B) Scatter plots showing principal component analysis (PCA) of the five distinct RNA processing patterns. (C) Kaplan–Meier survival analysis of OS for patients with the five distinct RNA processing patterns. (D) Heatmap showing GSVA scores of the hallmark gene sets for the five defined RNA processing patterns.



We performed GSVA to explore the biological processes among these distinct RNA processing patterns. These five RNA processing subtypes showed significant enrichment of specific biological processes (Figure 1D). Clusters 2 and 3, correlated with good prognosis, were markedly enriched in the proliferation-specific pathways, such as the activation of the G2M checkpoint, E2F targets, and MYC targets pathway. Cluster 4, characterized by moderate prognosis, represented enriched pathways associated with metabolism activation, including the xenobiotic metabolism, bile acid metabolism, and estrogen response pathways. Clusters 1 and 5, associated with poor prognosis, were prominently related to stromal activation pathways, involving the epithelial–mesenchymal transition (EMT), transforming growth factor (TGF)-beta, and angiogenesis pathways. All these analyses suggest that RNA processing factors play an important role in GC occurrence and progression.



Identification of the RNA Processing-Related Prognostic Signature

Of the 819 RNA processing factors, 105 were associated with OS (Supplementary Table 3). Among these 105 factors, 51 factors (HR >1) were considered risk-associated, while the remaining 54 factors (HR <1) were considered protection-associated. We performed KEGG and GO functional enrichment analyses to study the more specific biological functions of these prognosis-related RNA processing factors. The results indicated that these factors were correlated with such key biological functions as RNA modification, regulation of RNA splicing, RNA transport, and spliceosome (Figure 2A).




Figure 2 | Identification of the RNA processing-related prognostic signature. (A) Scatter plots showing functional enrichment analyses for the 105 OS-related RNA processing factors. (B, C) LASSO regression analysis of the 105 OS-related RNA processing factors. (D) The 10 genes included in the signature. Corresponding coefficients and HRs are depicted by horizontal bars and dots, respectively. (E–G) Kaplan–Meier OS curves with difference detection by log-rank test for patients from the training and validation datasets.



To stratify the clinical outcomes of patients with the RNA processing factors readily and efficiently, we applied the LASSO Cox regression algorithm to the 105 factors in the TCGA training set. A total of 10 factors with non-zero coefficients were identified (Figures 2B, C). These LASSO-selected features were used to build the RNA processing-related signature (Figure 2D). The corresponding risk scores were computed for both the training and the validation datasets, according to the following formula:

	

We divided patients in all three datasets into high-risk and low-risk groups using their respective median risk score as the cutoff. Kaplan-Meier survival analysis determined that patients with low-risk scores had significantly longer OS than those with high-risk scores (TCGA training set: p < 0.001, HR = 0.455, 95% CI: 0.324-0.638; HMU validation set: p = 0.002, HR = 0.487, 95% CI: 0.304-0.778; GEO validation set: p < 0.001, HR = 0.633, 95% CI: 0.491-0.817; Figures 2E–G). Significant RMS time differences were also observed between the low-risk and high-risk groups at different time points; the RMS time differences increased as the follow-up duration was extended (Table 1). For example, the RMST differences between the two groups were 1 (TCGA), 4 (HMU), and 0 (GEO) months for OS at the first year of follow-up, which reached 11 (TCGA), 9 (HMU), and 7 (GEO) months at the fifth year.


Table 1 | RMS time (RMST) between the two risk groups at different time points.



We performed univariate and multivariate Cox regression analyses in the training and validation datasets to investigate the prognostic value of the RNA processing-related signature. The signature was the only prognostic factor in all three datasets (univariate cox analysis: p < 0.05; Table 2). After adjusting for other prognostic factors (age and TNM stage), the signature remained a significant independent prognostic factor in the HMU and TCGA cohorts (Table 2). Furthermore, we performed subgroup analyses according to age, sex, and TNM stage to explore the interaction effect between the signature and clinical characteristics. Subgroup analyses showed no statistically significant tests of interaction (Table 3), suggesting the robustness of this signature for different clinical features.


Table 2 | Univariate and multivariate Cox analyses of the RNA processing-related signature.




Table 3 | Subgroup analysis of the RNA processing-related signature.





Identification of the Composite Prognostic Nomogram

In addition to the RNA processing-related signature, clinical characteristics, including age and TNM stage, might also be independent prognostic factors, suggesting their complementary value (Table 2). We integrated the signature with these significant clinical variables to further improve the prognostic accuracy, using the coefficients generated from the multivariate Cox regression model in the discovery cohort (TCGA cohort) and derived a composite prognostic model. A nomogram was then established for model visualization and clinical application (Figure 3A). The composite nomogram achieved significant improvement for assessing survival relative to the clinical model involving age and TNM stage (Figure 3B). The composite nomogram also performed better than the RNA processing-related signature and the clinical model for predicting GC prognosis (Figure 3C). The calibration curve detected an optimal prediction between the nomogram prediction and actual observations (Figure 3D).




Figure 3 | Identification of the composite prognostic nomogram. (A) Composite nomogram prediction of 1-year, 3-year, and 5-year OS. (B, F, J) RMS curves for the composite prognostic nomogram and clinical model in the training and validation datasets. (C, G, K) Time-dependent ROC curves for the nomogram, signature model, and clinical model at different time points in the training and validation datasets. (D, H, L) Calibration curves of observed and predicted probabilities for the nomogram in the training and validation datasets. (E, I, M) DCA curves for the nomogram in the training and validation datasets.



Finally, we compared the clinical net benefit of the composite nomogram with that of the other two models through DCA curves. The composite nomogram demonstrated a larger net benefit than the RNA processing-related signature and basic clinical model within most of the above threshold probabilities (Figure 3E), indicating that the nomogram had the best clinical utility for predicting prognosis in patients with GC. All these findings were verified in the HMU (Figures 3F–I) and GEO validation datasets (Figures 3J–M), suggesting the reliability and stability of our composite nomogram.



Function Analysis of Genes Correlated With the RNA Processing-Related Prognostic Signature

Given that RNA processing factors are the main factors controlling the life cycle of RNAs in eukaryotes, we subsequently evaluated the RNA expression profile influenced by the RNA processing-related prognostic signature. In this case, we correlated the signature risk score with all robustly expressed mRNAs, generating a pre-ranked list sorted by the Pearson correlation coefficient, and further performed GSEA. The results indicated that invasion, metastasis, and immune hallmarks, such as EMT, myogenesis, angiogenesis, hypoxia, inflammatory response, interferon-gamma response, and complement, were significantly enriched in GC samples with higher risk scores. In contrast, proliferation and metabolism hallmarks, such as G2M checkpoint, MYC targets, oxidative phosphorylation, fatty acid metabolism, and glycolysis, were significantly enriched in GC samples with lower risk scores (Figure 4A).




Figure 4 | Function analysis of genes correlated with the RNA processing-related prognostic signature. (A) GSEA of the hallmark gene sets for risk scores based on pre-ranked Pearson’s correlation coefficients of risk score-associated mRNAs. (B) Clustering dendrogram of the top 5000 mRNAs with dissimilarity based on the topological overlap together with assigned module colors. (C) Module–trait relationships. Each row shows a module eigengene; each column corresponds to a clinical trait. Each cell contains the corresponding correlation (upper number) and p-value (lower number). (D–F) Functional enrichment analysis of the hallmark gene sets for the brown (D), yellow (E), and turquoise (F) modules.



Furthermore, we used WGCNA to obtain the signature-related modules according to the approximate scale-free features. The top 5000 most variant genes, measured by the median absolute deviation (MAD), were selected for the WGCNA. We chose nine as the optimal soft threshold power to calculate the adjacency matrix, which was the lowest threshold to enable the scale-free R2 to reach 0.85 (Supplementary Figure 2). We constructed a cluster dendrogram with the adjacency matrix; five color modules (blue, brown, turquoise, yellow, grey) were identified (Figure 4B). Genes that could not be included in any module were placed in the grey module and removed for the downstream analysis.

Next, we correlated the eigengene of the selected traits and modules to evaluate the module–trait relationships. Three modules (brown, turquoise, yellow) were highly significantly associated with the signature risk score (|R| > 0.3). The yellow and turquoise modules were positively correlated with the signature risk score. The brown module was negatively correlated with the signature risk score (Figure 4C). All modules also showed significant correlations between gene significance and module membership (Supplementary Figure 3), implying that the genes in these modules might play an essential biological role associated with the RNA processing-related prognostic signature.

We then performed functional enrichment analysis of the genes in each module to explore the biological functions of the signature-related modules. Consistent with the GSEA results, genes in the brown module were significantly enriched in the proliferation- and metabolism-related pathways (Figure 4D). For yellow module genes, the top enriched terms were allograft rejection, interferon-gamma response, and inflammatory response, suggesting that the yellow module is involved in the immune response (Figure 4E). Genes in the turquoise module were associated with the development of malignant phenotypes, focusing on invasion and metastasis processes (Figure 4F). These findings imply that the RNA processing-related prognostic signature reflects the expression alterations of genes involved in multiple vital hallmarks (invasion, metastasis, proliferation, metabolism, immune response) in GC.



Expression and Clinical Features Underlying the RNA Processing-Related Prognostic Signature

All 1079 GC samples were pooled to explore the expression and clinical features of the RNA processing-related prognostic signature. All 10 LASSO-selected factors were significantly differentially expressed between the two risk groups (Figures 5A, B). Risk-associated genes showed higher expression levels in patients with high risk scores. In comparison, protection-associated genes showed higher expression levels in those with low risk scores (Figures 5A, B). Moreover, the immunohistochemical analysis via the HPA determined that most protection-associated genes showed lower protein expression levels in GC samples than in adjacent normal tissues; the protein products of the risk-associated genes showed an opposite trend (Figure 5C).




Figure 5 | Identification of expression and clinical features underlying the RNA processing-related prognostic signature. (A) Heatmap showing the expression patterns of 10 prognosis-associated RNA processing factors for the entire 1079-sample GC set sorted by the signature risk score in ascending order. (B) Differential expression of the 10 prognosis-associated RNA processing factors between the low-risk and high-risk groups. P values were obtained by the Mann-Whitney test. The asterisks represented the statistical P-value (****P < 0.0001). (C) Histogram showing the distribution of TNM stage between the low-risk and high-risk groups. (D) Histogram showing the distribution of the five distinct RNA processing patterns between the low-risk and high-risk groups. (E) Immunohistochemical analysis of the protein expression of the 7 prognosis-associated RNA processing factors in the HPA database.



Moreover, we found that advanced tumor stage (stage III and IV) was significantly enriched in the high-risk group (p < 0.001; Figures 5A, D). A higher percentage of clusters 1 and 5, featuring poor prognosis and stromal activation, was enriched in the high-risk group (p < 0.001; Figures 5A, E). These results suggest that the identified RNA processing factors might be involved in GC occurrence and development and could serve as potential therapeutic targets.



Genetic Variants, Pathway Activation, and Immune Heterogeneity Underlying the RNA Processing-Related Prognostic Signature

Genomic data, including mutation profile and somatic copy number alteration (SCNA) data from the TCGA-STAD dataset, were first analyzed to explore the possible mechanisms underlying the RNA processing-related prognostic signature. A significantly higher tumor mutation burden (TMB) was detected in the low-risk group than in the high-risk group (Figure 6A). More mutations caused more neoantigens in cases with lower risk scores (first vs. fourth quartile; Figure 6B) (45). After filtering out genes with low-frequency mutations (5% of GC samples), we found 25 significantly mutated genes between the two groups (Figure 6C). All these significantly mutated genes were enriched in the low-risk group, and were involved in the UV response down pathway (adjusted p = 0.014). Subsequently, investigation of the data related to SCNA events revealed distinct chromosomal alteration patterns between the low-risk and high-risk groups (Figure 6D). A significantly greater fraction of genome gained was detected in the low-risk group (Figure 6E).




Figure 6 | Identification of genetic variants underlying the RNA processing-related prognostic signature. (A) Violin plot for the TMB between the low-risk and high-risk groups. (B) Violin plot for the number of neoantigens between the lower-risk and higher-risk groups. (C) Waterfall plot of the top 25 mutant genes in the low-risk and high-risk groups. (D) SCNA profiles with gains (red) and losses (blue) between the lower-risk and higher-risk groups. (E) Differential analysis of the fraction (%) of the genome altered, lost, and gained between the lower-risk and higher-risk groups. P values were obtained by the Mann-Whitney test. The asterisks represented the statistical P-value (*P < 0.05).



GSVA confirmed significant differences in biological functions between the high-risk and low-risk groups (Figure 7A). Consistent with the above results, stromal activation pathways, such as the EMT, TGF-beta, and angiogenesis pathways, were significantly enriched in the high-risk group (Supplementary Table 4). The immune-related pathways, such as the complement, interferon-alpha response, and interferon-gamma response pathways, were also significantly enriched in the high-risk group (Figure 7A and Supplementary Table 4).




Figure 7 | Identification of immune heterogeneity underlying the RNA processing-related prognostic signature. (A) The differential analysis of GSVA scores between the low-risk and high-risk groups. The height and color represent the -log10(FDR). (B) Heatmap showing the immune cell infiltration between the high-risk and low-risk groups. (C) Differential expression of immune scores and stromal scores between the low-risk and high-risk groups. P values were obtained by the Mann-Whitney test. The asterisks represented the statistical P-value (ns, not statistical; **P < 0.01; ****P < 0.001). (D) Differential expression of immune and stromal cells between the low-risk and high-risk groups. P values were obtained by the Mann-Whitney test. The asterisks represented the statistical P-value (ns, not statistical; **P < 0.01; ****P < 0.001). (E) Tumor-infiltrating lymphocyte infiltration between the low-risk and high-risk groups determined by hematoxylin–eosin (H&E) whole-slide images. Red represents a positive TIL patch; blue represents a tissue region with no TIL patch, while black represents no tissue.



As the high-risk group had marked enrichment of the stromal and immune activation pathways, we explored the relationship between the tumor microenvironment status and the RNA processing-related signature to characterize their immune heterogeneity. We found that both the stromal and immune scores, representing stromal and immune cell infiltration in tumor tissue, respectively, were significantly higher in the high-risk group (Figures 7B, C). The MCP-counter algorithm also determined a higher proportion of immune and stromal cells in the high-risk group (Figures 7B, D). Further, based on the pathology whole-slide images, samples with high risk scores had a higher percentage of tumor-infiltrating lymphocytes (including T cells, B cells, and natural killer cells) than those with low risk scores (Figure 7E) (46). These results indicate that the activation of stromal and immune components in the tumor microenvironment and the activated oncogenic pathways based on the proposed signature likely contribute to the worse prognosis in high-risk patients.



RNA Splicing Events Underlying the RNA Processing-Related Prognostic Signature

RNA processing factors dominate RNA splicing activities. Our outcomes showed that prognosis-associated RNA processing genes are closely correlated with RNA splicing-related activities (Figure 8A). Accordingly, we also comprehensively characterized ASEs in GC samples with different risk scores. Tens of thousands of seven ASE types were detected in each GC sample (Figure 8A). The proportion of these ASE types in the GC samples varied widely, from 0.5% to approximately 43% (Figure 8A). Although all GC samples shared similar ASE type patterns, the total number of detected ASEs gradually decreased along with the increasing risk score (p < 0.001, R = -0.18). Moreover, ASEs were significantly higher in GC samples with lower risk scores (first quartile, n = 94) compared to those with higher risk scores (fourth quartile, n = 94) (Supplementary Figure 4).




Figure 8 | Identification of the RNA splicing landscape underlying the RNA processing-related prognostic signature. (A) Proportions of ASEs in 375 TCGA samples sorted by increased risk score. Bars indicate the proportion of each ASE type. Dark blue dots indicate the number of ASEs in each sample. The risk scores in ascending order are shown in the top panel. (B) Heatmaps showing the expression levels of RNA processing factors (top panel) and PSI value of ASEs with significant differences between lower-risk and higher-risk groups (bottom panel). (C) Representative ASEs with differential PSI values between lower-risk and higher-risk groups. (D) Network plot showing the correlation between RNA processing factors and ASEs with significant differences between lower-risk and higher-risk groups.



We further identified differentially expressed RNA processing genes (absolute fold change > 1.2, false discovery rate [FDR] < 0.05) and ASEs with significantly different PSI values (absolute fold change > 1.5, FDR < 0.05) in GC samples with lower risk (first quartile, n = 94) and higher risk (fourth quartile, n = 94) scores (Figure 8B). We identified 358 ASEs from 327 genes, including 240 upregulated ASEs from 217 genes and 118 downregulated ASEs from 118 genes (Supplementary Table 5). For these ASEs with markedly different PSI values, we found that the frequency of all ASE types was significantly altered compared to the background ASEs (Supplementary Figure 5), suggesting that the presence of altered ASEs might be associated with GC prognosis.

We found that genes involved in the aberrant RNA splicing in GC (CD44), the RAS oncogene family (RAB5C, RANN), the TNF-α/NF-κB signaling pathway (e.g., NR4A2, TANK, PFKFB3), and the zinc finger protein family (e.g., ZNF74, ZNF671, ZNF106) were differentially spliced among GC samples with lower and higher risk scores (Figure 8C). We performed GO analysis of all differentially spliced genes to explore the role of alternative splicing underlying the RNA processing-related signature. These spliced genes were mainly related to cell–matrix adhesion and mesenchymal cell differentiation for biological process; cell projection membrane and cell–substrate junction for cellular component; and cadherin binding and guanyl nucleotide exchange factor activity for molecular function (Table S6). Our analysis indicates that differential ASEs participate in many cancer-related pathways, suggesting that ASEs are a critical mechanism underlying the prognostic value of RNA processing factors in GC.

RNA splicing might inevitably affect their protein characteristics. Therefore, we constructed a protein interaction network based on the spliced genes, presenting the interactive relationship in normal conditions and uncovering the potential influence of ASEs at protein level. After removing the isolated nodes, 228 genes were mapped in the protein interaction network. These spliced genes were closely linked to each other (Supplementary Figure 6). From the whole protein interaction network, we identified six individual modules using the MCODE algorithm (47) (Supplementary Figure 7). Module enrichment analysis showed that most modules had biological functions with module specificity (Supplementary Table 7).

We explored the potential regulatory network among the significantly altered RNA processing genes and ASEs. A network with 549 pairwise correlations that ultimately involved 16 RNA processing genes and 119 ASEs was constructed (Figure 8D). Almost all ASEs followed the same expression trend as the RNA processing genes (Supplementary Figure 8). Most RNA processing genes were correlated with more than one ASE, and some played opposite roles in regulating different ASEs (Figure 8D). Besides, we found that different RNA processing genes competed for the same ASEs, partly explaining the diversity of splice isoforms created by only a few RNA processing factors.



Drug Response Features Underlying the RNA Processing-Related Signature

Given that genetic variants, pathway activation, immune heterogeneity, and splicing features were significantly different according to the RNA processing-related signature, we investigated the relationship between the prognostic signature and drug response to encourage personalized treatment decisions. As described earlier, the low-risk group presented a significantly higher TMB and neoantigens count than the high-risk group (Figures 6A, B), suggesting that the patients with low risk scores might benefit from immune checkpoint inhibitor treatment. Consistent with the idea, the TIDE algorithm determined that patients with low risk scores (45.56%, 246/540) might be more likely to respond to immunotherapy than those with high risk scores (33.58%, 181/539) (p < 0.001, odds ratio [OR] = 1.654, 95% CI: 1.284–2.134) (Figures 9A, C and Supplementary Figure 9).




Figure 9 | Identification of drug response features underlying the RNA processing-related signature. (A) Heatmap showing the TIDE scores and AUC values for patients with GC with different risk scores. (B) Differential analysis of the selected chemotherapeutic agents for patients with GC with higher and lower risk scores in the PRISM, CTRP, and GDSC databases. P values were obtained by the Mann-Whitney test. The asterisks represented the statistical P-value (*P < 0.05; **P < 0.01; ****P < 0.001). (C) Violin plots of TIDE scores for patients with GC in the high-risk and low-risk groups. (D) Heatmap showing the Spearman correlation coefficient between the AUC values and the risk scores for the selected chemotherapeutic agents.



We used two approaches to identify the drug response relationship between the selected chemotherapeutic agents and the identified signature. The analyses were performed using GDSC, CTRP, and PRISM-derived drug response data. First, differential drug response analysis between the higher-risk (first quartile) and lower-risk (fourth quartile) groups was conducted to identify chemotherapeutic agents with significantly different AUC values (|mean difference| > 0.01, p < 0.05). Next, Pearson correlation analysis between the AUC value and the risk score was performed to select agents with a significant correlation coefficient (|R| > 0.1, p < 0.05). Finally, we determined that patients with low-risk scores were more sensitive to two CTRP-derived compounds (5-fluorouracil and paclitaxel), and patients with high-risk scores were more sensitive to two GDSC-derived compounds (irinotecan and cisplatin) (Figures 9A, B, D).




Discussion

In this study, we found that the general expression pattern of RNA processing factors correlates with specific clinical outcomes and hallmark features of GC. RNA processing factors that were significantly associated with the prognosis of patients with GC were also identified. We then constructed a 10-gene RNA processing-related prognostic signature to predict the prognosis of stratified patients with GC. The identified signature was integrated with clinical features to establish the composite prognostic nomogram, which reliably demonstrated accurate prognostic predictions for the patients. Finally, we identified the clinical outcomes, genetic variants, pathway activation, immune heterogeneity, alternative splicing landscape, and drug response features associated with the prognostic signature.

GC is a highly heterogeneous malignant tumor. Some patients with GC within the same TNM stage have differing responses to treatment and prognosis (6). Therefore, further stratification of patients with GC with definite TNM subgroups is urgently needed. RNA plays a crucial role in cell biological functions by passing genetic information from DNA to protein and regulating various biological processes (48). Dysregulation of RNA profiles is closely related to the malignant progression and prognosis of GC. The RNA expression profile and RNA fate are highly dependent on the RNA processing factors responsible for precise temporal and spatial coordinating gene expression (49). Here, we highlight the stratification ability of RNA processing factors in GC.

In the present study, we identified five distinct RNA processing patterns, characterized by different biological behaviors and prognoses (Figure 1). We confirmed the prognostic value of a signature built with 10 RNA processing genes in each cohort (Figure 2 and Table 1). The risk score of the RNA processing-related signature was a stable, independent prognosis factor in both the training and validation datasets (Tables 2, 3). Moreover, we established a composite nomogram by integrating the RNA processing-related signature with traditional stratifying factors (age and TNM stage). The composite nomogram showed improved prognostic accuracy, better predictive efficiency, and larger net benefits than the signature alone and the prognostic model of the traditional stratifying factors in each cohort (Figure 3). These results indicate that the signature is a powerful tool for predicting the prognosis of patients with GC stratified by TNM classification.

The RNA processing-related signature reflects the expression alterations of genes involved in multiple vital hallmarks in GC. We found that genes that correlated negatively with the signature were significantly enriched in the pathways associated with proliferation and metabolism. In contrast, genes with expression that related positively to the signature’s risk score were significantly enriched in the invasion, metastasis, and immune biological processes (Figure 4). Among the 10 survival-related genes included in the signature, the risk-associated genes PWP2 and TGFB1 have been suggested to be associated with GC invasion and metastasis (50, 51), and ZBTB7A, a protection-associated gene, plays a tumor-suppressive role in GC cells (52). METTL2B was found to be RNA methyltransferases and play important roles in tumorigenesis (53). CACTIN involved in the regulation of innate immune response (54), contributing to the regulation of transcriptional activation of NF-kappa-B target genes in response to endogenous proinflammatory stimuli (55). TRUB2 was a component of a functional protein-RNA module, which was required for intra-mitochondrial translation (56). POLDIP3 was involved in regulation of translation, enhancing translational efficiency of spliced over non-spliced mRNAs (57). TSEN54 participated the complex process for identification and cleavage of the splice sites in pre-tRNA. SUGP1 and RBMS1 were involved in RNA binding, playing a role in pre-mRNA splicing. These outcomes indicate that our study protocol can identify novel carcinogenesis-associated RNA processing genes that might serve as potential therapeutic targets. Future studies of these prognostic factors could identify novel mechanisms underlying RNA processing in GC.

We also determined that genetic variants, immune heterogeneity, and the alternative splicing landscape were also significantly different between the high-risk and low-risk groups. The low-risk group had significantly higher TMB, more neoantigens, and greater fraction of genome gained than the high-risk group (Figure 6). Consistent with the GSEA result, the stromal and immune activation pathways were markedly enriched with increased risk scores (Figure 4). The ESTIMATE and MCP-counter algorithms and the pathology whole-slide images also suggested a higher proportion of immune and stromal cells in the high-risk group (Figure 7).

Currently, genome-wide analyses have begun to reveal the roles of ASEs correlated with GC progression and prognosis (12, 13). Abnormal ASEs of individual genes participate in several tumorigenic processes, such as proliferation, apoptosis, hypoxia, angiogenesis, immune escape, and metastasis (58, 59). For example, CD44 splice variants participate in GC carcinogenesis, progression, and metastasis (60, 61). By revealing the ASE landscape in GC, we identified 358 ASEs correlated with GC prognosis. We also observed that CD44 was differentially spliced in the lower-risk and higher-risk groups (Figure 8). Moreover, we identified the potential regulatory network between the altered RNA processing genes and the differential ASEs.

Further, we investigated the relationship between the signature and drug response to promote personalized treatment decisions. To date, immune checkpoint inhibitors have been approved for GC treatment. However, the response rate is relatively low (10–26%) (62–64). Therefore, it is critical to find new biomarkers for appropriate patient selection for immunotherapy. We determined that patients with low risk scores might benefit from immune checkpoint inhibitor treatment (Figure 9), suggesting that this RNA processing-related signature could be a predictive biomarker for immunotherapy in GC.

Chemotherapy remains the mainstay in GC treatment (43). We found that patients with low-risk scores might be more sensitive to 5-fluorouracil and paclitaxel, both cell cycle-nonspecific drugs. 5-Fluorouracil is an anti-cancer antimetabolite that inhibits tumor cell proliferation via DNA damage. Paclitaxel stabilizes microtubules and interferes with mitotic spindle formation, which leads to the inhibition of cancer cell proliferation. As mentioned above, the proliferation- and metabolism-related pathways were markedly enriched with decreased risk scores. The activation of these pathways, such as G2M checkpoint, DNA repair, and mitotic spindle, might be responsible for the higher sensitivity to 5-fluorouracil and paclitaxel.

On the other hand, patients with high-risk scores might be more sensitive to irinotecan and cisplatin, cell cycle-nonspecific anti-cancer drugs. Such drugs are not affected by the cell cycle phase and act upon rapidly dividing cancer cells for destruction. Therefore, GC characterized with a mesenchymal phenotype might be more sensitive to irinotecan and cisplatin. Whether a genetic variant, pathway activation, immune heterogeneity, splicing features, or chemotherapy and immunochemotherapy response feature, all the results aid understanding of the roles of RNA processing in GC. Our signature may further aid the design of a more reasonable and effective treatment regimen, contributing to precision therapy for individual patients with different risk levels.

This study has several strengths. First, we analyzed a large sample of 1079 patients with GC using either RNA-seq or microarray data, suggesting that our outcomes are likely highly reliable, robust, and independent of specific expression quantitative platforms. Second, the present study includes both our own RNA-seq dataset and public datasets, indicating the possibility of future verification of our risk signature in additional cohorts. Third, we used RMS time to demonstrate the clinical utility of the RNA processing-related signature. It is equivalent to the area under the Kaplan-Meier curve from the beginning of the study through that time point. The RMST difference means gain or loss in the event-free survival time between the groups during this period. As such, using the average survival time can be more easily understood by clinical communities. Meanwhile, RMST difference is valid and interpretable whether or not the proportional hazards assumption is violated (65). Despite these strengths, our study has its limitations as well. First, we used only two clinical characteristics (age and TNM stage) to construct the composite nomogram; additional clinical factors, such as Lauren subtype, microsatellite instability status, chemotherapy, surgery, and radiotherapy information, are warranted to refine the model. Second, further ex vivo, in vitro, and in vivo experiments regarding these prognosis-related RNA processing factors are required to validate our in silico results. Finally, the response of immunotherapy and chemotherapy should be further verified by clinical data in other cohorts.

In summary, our study highlights the prognostic value of RNA processing genes in GC and reveal an RNA processing-related prognostic signature for further improving the prognosis prediction of patients with GC with definite TNM subgroups. The clinical outcomes, genetic variants, pathway activation, immune heterogeneity, splicing features, and drug response features underlying the signature were also identified. Our findings provide a basis for understanding the roles of RNA processing and indicate the potential clinical implications of RNA processing factors in GC.



Data Availability Statement

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



Ethics Statement

The studies involving human participants were reviewed and approved by Institutional Review Board of the Harbin Medical University Cancer Hospital. The patients/participants provided their written informed consent to participate in this study.



Author Contributions

SL, FM, and YX contributed to conception and design of the study. SL and FM organized the database. SL performed the statistical analysis. SL wrote the first draft of the manuscript. SL, FM, XY, YZ and BH wrote sections of the manuscript. All authors contributed to the article and approved the submitted version.



Funding

This work was supported by funding from the Project Nn10 of Harbin Medical University Cancer Hospital (Grant Number Nn102017–03).



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2021.719628/full#supplementary-material

Supplementary Figure 1 | The workflow of this study.

Supplementary Figure 2 | Identification of the soft threshold according to the standard of the scale-free network. The red line represents the threshold line of 0.85.

Supplementary Figure 3 | Intra-modular analysis for the signature-related modules. The scatterplot showing gene significance vs. module membership in the turquoise (A), yellow (B), and brown (C) modules.

Supplementary Figure 4 | The absolute numbers of all ASEs were compared in GC patients with higher-risk (first quartile) and lower-risk (fourth quartile) scores.

Supplementary Figure 5 | The distribution of splicing types for the differential and background ASEs. (A) The histogram showing ASE types’ frequency for the differential and background ASEs. (B) The pie graph showing ASE types’ frequency for the differential ASEs. (C) The pie graph showing ASE types’ frequency for the background ASEs.

Supplementary Figure 6 | The protein interaction network for the spliced genes with significantly different PSI values.

Supplementary Figure 7 | The six individual modules from the protein interaction network determined by the “MCODE” algorithm.

Supplementary Figure 8 | The number of ASEs regulated by the 16 RNA processing factors.

Supplementary Figure 9 | Response rates of immunotherapy between two risk groups determined by the “TIDE” algorithm.

Supplementary Table 1 | 929 genes, annotated as RNA processing factors, acquired in the AmiGO database.

Supplementary Table 2 | 819 RNA processing factors involved in all data sets.

Supplementary Table 3 | 105 OS associated RNA processing factors.

Supplementary Table 4 | Difference of GSVA scores between the high-risk and low-risk groups.

Supplementary Table 5 | 358 differentially expressed ASEs and 28 differentially expressed RNA processing genes.

Supplementary Table 6 | GO analysis was performed for all differentially spliced genes.

Supplementary Table 7 | Module enrichment analysis for the six individual modules.



References

1. Bray, F, Ferlay, J, Soerjomataram, I, Siegel, RL, Torre, LA, and Jemal, A. Global Cancer Statistics 2018: GLOBOCAN Estimates of Incidence and Mortality Worldwide for 36 Cancers in 185 Countries. CA Cancer J Clin (2018) 68(6):394–424. doi: 10.3322/caac.21492

2. Torre, LA, Bray, F, Siegel, RL, Ferlay, J, Lortet-Tieulent, J, and Jemal, A. Global Cancer Statistics, 2012. CA Cancer J Clin (2015) 65(2):87–108. doi: 10.3322/caac.21262

3. Dai, H, Chen, H, Xu, J, Zhou, J, Shan, Z, Yang, H, et al. The Ubiquitin Ligase CHIP Modulates Cellular Behaviors of Gastric Cancer Cells by Regulating TRAF2. Cancer Cell Int (2019) 19:132. doi: 10.1186/s12935-019-0832-z

4. Katai, H, Ishikawa, T, Akazawa, K, Isobe, Y, Miyashiro, I, Oda, I, et al. Five-Year Survival Analysis of Surgically Resected Gastric Cancer Cases in Japan: A Retrospective Analysis of More Than 100,000 Patients From the Nationwide Registry of the Japanese Gastric Cancer Association (2001-2007). Gastric Cancer (2018) 21(1):144–54. doi: 10.1007/s10120-017-0716-7

5. Sasako, M, Inoue, M, Lin, JT, Khor, C, Yang, HK, and Ohtsu, A. Gastric Cancer Working Group Report. Jpn J Clin Oncol (2010) 40 Suppl 1:i28–37. doi: 10.1093/jjco/hyq124

6. Tang, S, Lin, L, Cheng, J, Zhao, J, Xuan, Q, Shao, J, et al. The Prognostic Value of Preoperative Fibrinogen-to-Prealbumin Ratio and a Novel FFC Score in Patients With Resectable Gastric Cancer. BMC Cancer (2020) 20(1):382. doi: 10.1186/s12885-020-06866-6

7. Manning, KS, and Cooper, TA. The Roles of RNA Processing in Translating Genotype to Phenotype. Nat Rev Mol Cell Biol (2017) 18(2):102–14. doi: 10.1038/nrm.2016.139

8. Tollervey, D, and Caceres, JF. RNA Processing Marches on. Cell (2000) 103(5):703–9. doi: 10.1016/s0092-8674(00)00174-4

9. Obeng, EA, Stewart, C, and Abdel-Wahab, O. Altered RNA Processing in Cancer Pathogenesis and Therapy. Cancer Discov (2019) 9(11):1493–510. doi: 10.1158/2159-8290.CD-19-0399

10. Lu, X, Zhou, Y, Meng, J, Jiang, L, Gao, J, Cheng, Y, et al. RNA Processing Genes Characterize RNA Splicing and Further Stratify Colorectal Cancer. Cell Prolif (2020) 53(3):e12861. doi: 10.1111/cpr.12861

11. Matera, AG, and Wang, Z. A Day in the Life of the Spliceosome. Nat Rev Mol Cell Biol (2014) 15(2):108–21. doi: 10.1038/nrm3742

12. Lou, S, Zhang, J, Zhai, Z, Yin, X, Wang, Y, Fang, T, et al. The Landscape of Alternative Splicing Reveals Novel Events Associated With Tumorigenesis and the Immune Microenvironment in Gastric Cancer. Aging (Albany NY) (2021) 12(3):4317–34. doi: 10.18632/aging.202393

13. Lou, S, Zhang, J, Zhai, Z, Yin, X, Wang, Y, Fang, T, et al. Development and Validation of an Individual Alternative Splicing Prognostic Signature in Gastric Cancer. Aging (Albany NY) (2021) 13(4):5824–44. doi: 10.18632/aging.202507

14. Irizarry, RA, Bolstad, BM, Collin, F, Cope, LM, Hobbs, B, and Speed, TP. Summaries of Affymetrix GeneChip Probe Level Data. Nucleic Acids Res (2003) 31(4):e15. doi: 10.1093/nar/gng015

15. Gautier, L, Cope, L, Bolstad, BM, and Irizarry, RA. Affy–Analysis of Affymetrix GeneChip Data at the Probe Level. Bioinformatics (2004) 20(3):307–15. doi: 10.1093/bioinformatics/btg405

16. Wagner, GP, Kin, K, and Lynch, VJ. Measurement of mRNA Abundance Using RNA-Seq Data: RPKM Measure Is Inconsistent Among Samples. Theory Biosci (2012) 131(4):281–5. doi: 10.1007/s12064-012-0162-3

17. Leek, JT, Johnson, WE, Parker, HS, Jaffe, AE, and Storey, JD. The Sva Package for Removing Batch Effects and Other Unwanted Variation in High-Throughput Experiments. Bioinformatics (2012) 28(6):882–3. doi: 10.1093/bioinformatics/bts034

18. Durinck, S, Moreau, Y, Kasprzyk, A, Davis, S, De Moor, B, Brazma, A, et al. BioMart and Bioconductor: A Powerful Link Between Biological Databases and Microarray Data Analysis. Bioinformatics (2005) 21(16):3439–40. doi: 10.1093/bioinformatics/bti525

19. Carbon, S, Ireland, A, Mungall, CJ, Shu, S, Marshall, B, and Lewis, S. AmiGO: Online Access to Ontology and Annotation Data. Bioinformatics (2009) 25(2):288–9. doi: 10.1093/bioinformatics/btn615

20. Wilkerson, MD, and Hayes, DN. ConsensusClusterPlus: A Class Discovery Tool With Confidence Assessments and Item Tracking. Bioinformatics (2010) 26(12):1572–3. doi: 10.1093/bioinformatics/btq170

21. Hänzelmann, S, Castelo, R, and Guinney, J. GSVA: Gene Set Variation Analysis for Microarray and RNA-Seq Data. BMC Bioinformatics (2013) 14:7. doi: 10.1186/1471-2105-14-7

22. Liberzon, A, Birger, C, Thorvaldsdóttir, H, Ghandi, M, Mesirov, JP, and Tamayo, P. The Molecular Signatures Database (MSigDB) Hallmark Gene Set Collection. Cell Syst (2015) 1(6):417–25. doi: 10.1016/j.cels.2015.12.004

23. Uno, H, Claggett, B, Tian, L, Inoue, E, Gallo, P, Miyata, T, et al. Moving Beyond the Hazard Ratio in Quantifying the Between-Group Difference in Survival Analysis. J Clin Oncol (2014) 32(22):2380–5. doi: 10.1200/JCO.2014.55.2208

24. Eng, KH, Schiller, E, and Morrell, K. On Representing the Prognostic Value of Continuous Gene Expression Biomarkers With the Restricted Mean Survival Curve. Oncotarget (2015) 6(34):36308–18. doi: 10.18632/oncotarget.6121

25. Vickers, AJ, and Elkin, EB. Decision Curve Analysis: A Novel Method for Evaluating Prediction Models. Med Decis Making (2006) 26(6):565–74. doi: 10.1177/0272989X06295361

26. Ryan, M, Wong, WC, Brown, R, Akbani, R, Su, X, Broom, B, et al. TCGASpliceSeq a Compendium of Alternative mRNA Splicing in Cancer. Nucleic Acids Res (2016) 44(D1):D1018–22. doi: 10.1093/nar/gkv1288

27. Wang, ET, Sandberg, R, Luo, S, Khrebtukova, I, Zhang, L, Mayr, C, et al. Alternative Isoform Regulation in Human Tissue Transcriptomes. Nature (2008) 456(7221):470–6. doi: 10.1038/nature07509

28. Szklarczyk, D, Gable, AL, Lyon, D, Junge, A, Wyder, S, Huerta-Cepas, J, et al. STRING V11: Protein-Protein Association Networks With Increased Coverage, Supporting Functional Discovery in Genome-Wide Experimental Datasets. Nucleic Acids Res (2019) 47(D1):D607–607D613. doi: 10.1093/nar/gky1131

29. Shannon, P, Markiel, A, Ozier, O, Baliga, NS, Wang, JT, Ramage, D, et al. Cytoscape: A Software Environment for Integrated Models of Biomolecular Interaction Networks. Genome Res (2003) 13(11):2498–504. doi: 10.1101/gr.1239303

30. Thul, PJ, and Lindskog, C. The Human Protein Atlas: A Spatial Map of the Human Proteome. Protein Sci (2018) 27(1):233–44. doi: 10.1002/pro.3307

31. Subramanian, A, Tamayo, P, Mootha, VK, Mukherjee, S, Ebert, BL, Gillette, MA, et al. Gene Set Enrichment Analysis: A Knowledge-Based Approach for Interpreting Genome-Wide Expression Profiles. Proc Natl Acad Sci U S A (2005) 102(43):15545–50. doi: 10.1073/pnas.0506580102

32. Yu, G, Wang, LG, Han, Y, and He, QY. clusterProfiler: An R Package for Comparing Biological Themes Among Gene Clusters. OMICS (2012) 16(5):284–7. doi: 10.1089/omi.2011.0118

33. Shyr, C, Tarailo-Graovac, M, Gottlieb, M, Lee, JJ, van Karnebeek, C, and Wasserman, WW. FLAGS, Frequently Mutated Genes in Public Exomes. BMC Med Genomics (2014) 7:64. doi: 10.1186/s12920-014-0064-y

34. Mayakonda, A, Lin, DC, Assenov, Y, Plass, C, and Koeffler, HP. Maftools: Efficient and Comprehensive Analysis of Somatic Variants in Cancer. Genome Res (2018) 28(11):1747–56. doi: 10.1101/gr.239244.118

35. Yoshihara, K, Shahmoradgoli, M, Martínez, E, Vegesna, R, Kim, H, Torres-Garcia, W, et al. Inferring Tumour Purity and Stromal and Immune Cell Admixture From Expression Data. Nat Commun (2013) 4:2612. doi: 10.1038/ncomms3612

36. Becht, E, Giraldo, NA, Lacroix, L, Buttard, B, Elarouci, N, Petitprez, F, et al. Estimating the Population Abundance of Tissue-Infiltrating Immune and Stromal Cell Populations Using Gene Expression. Genome Biol (2016) 17(1):218. doi: 10.1186/s13059-016-1070-5

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

38. Yang, W, Soares, J, Greninger, P, Edelman, EJ, Lightfoot, H, Forbes, S, et al. Genomics of Drug Sensitivity in Cancer (GDSC): A Resource for Therapeutic Biomarker Discovery in Cancer Cells. Nucleic Acids Res (2013) 41(Database issue):D955–61. doi: 10.1093/nar/gks1111

39. Basu, A, Bodycombe, NE, Cheah, JH, Price, EV, Liu, K, Schaefer, GI, et al. An Interactive Resource to Identify Cancer Genetic and Lineage Dependencies Targeted by Small Molecules. Cell (2013) 154(5):1151–61. doi: 10.1016/j.cell.2013.08.003

40. Corsello, SM, Nagari, RT, Spangler, RD, Rossen, J, Kocak, M, Bryan, JG, et al. Discovering the Anti-Cancer Potential of Non-Oncology Drugs by Systematic Viability Profiling. Nat Cancer (2020) 1(2):235–48. doi: 10.1038/s43018-019-0018-6

41. Geeleher, P, Cox, N, and Huang, RS. pRRophetic: An R Package for Prediction of Clinical Chemotherapeutic Response From Tumor Gene Expression Levels. PloS One (2014) 9(9):e107468. doi: 10.1371/journal.pone.0107468

42. Geeleher, P, Cox, NJ, and Huang, RS. Clinical Drug Response can be Predicted Using Baseline Gene Expression Levels and In Vitro Drug Sensitivity in Cell Lines. Genome Biol (2014) 15(3):R47. doi: 10.1186/gb-2014-15-3-r47

43. Arai, H, and Nakajima, TE. Recent Developments of Systemic Chemotherapy for Gastric Cancer. Cancers (Basel) (2020) 12(5):1100. doi: 10.3390/cancers12051100

44. Jiang, P, Gu, S, Pan, D, Fu, J, Sahu, A, Hu, X, et al. Signatures of T Cell Dysfunction and Exclusion Predict Cancer Immunotherapy Response. Nat Med (2018) 24(10):1550–8. doi: 10.1038/s41591-018-0136-1

45. Rooney, MS, Shukla, SA, Wu, CJ, Getz, G, and Hacohen, N. Molecular and Genetic Properties of Tumors Associated With Local Immune Cytolytic Activity. Cell (2015) 160(1-2):48–61. doi: 10.1016/j.cell.2014.12.033

46. Saltz, J, Gupta, R, Hou, L, Kurc, T, Singh, P, Nguyen, V, et al. Spatial Organization and Molecular Correlation of Tumor-Infiltrating Lymphocytes Using Deep Learning on Pathology Images. Cell Rep (2018) 23(1):181–93.e7. doi: 10.1016/j.celrep.2018.03.086

47. Bader, GD, and Hogue, CW. An Automated Method for Finding Molecular Complexes in Large Protein Interaction Networks. BMC Bioinformatics (2003) 4:2. doi: 10.1186/1471-2105-4-2

48. Fu, Y, Dominissini, D, Rechavi, G, and He, C. Gene Expression Regulation Mediated Through Reversible M⁶A RNA Methylation. Nat Rev Genet (2014) 15(5):293–306. doi: 10.1038/nrg3724

49. Coppin, L, Leclerc, J, Vincent, A, Porchet, N, and Pigny, P. Messenger RNA Life-Cycle in Cancer Cells: Emerging Role of Conventional and Non-Conventional RNA-Binding Proteins. Int J Mol Sci (2018) 19(3):650. doi: 10.3390/ijms19030650

50. Maehara, Y, Kakeji, Y, Kabashima, A, Emi, Y, Watanabe, A, Akazawa, K, et al. Role of Transforming Growth Factor-Beta 1 in Invasion and Metastasis in Gastric Carcinoma. J Clin Oncol (1999) 17(2):607–14. doi: 10.1200/JCO.1999.17.2.607

51. Zhou, W, Li, J, Lu, X, Liu, F, An, T, Xiao, X, et al. Derivation and Validation of A Prognostic Model for Cancer Dependency Genes Based on CRISPR-Cas9 in Gastric Adenocarcinoma. Front Oncol (2021) 11:617289. doi: 10.3389/fonc.2021.617289

52. Sun, G, Peng, B, Xie, Q, Ruan, J, and Liang, X. Upregulation of ZBTB7A Exhibits a Tumor Suppressive Role in Gastric Cancer Cells. Mol Med Rep (2018) 17(2):2635–41. doi: 10.3892/mmr.2017.8104

53. Liu, D, Li, W, Zhong, F, Yin, J, Zhou, W, Li, S, et al. METTL7B Is Required for Cancer Cell Proliferation and Tumorigenesis in Non-Small Cell Lung Cancer. Front Pharmacol (2020) 11:178. doi: 10.3389/fphar.2020.00178

54. Atzei, P, Gargan, S, Curran, N, and Moynagh, PN. Cactin Targets the MHC Class III Protein IkappaB-Like (IkappaBL) and Inhibits NF-kappaB and Interferon-Regulatory Factor Signaling Pathways. J Biol Chem (2010) 285(47):36804–17. doi: 10.1074/jbc.M110.139113

55. Suzuki, M, Watanabe, M, Nakamaru, Y, Takagi, D, Takahashi, H, Fukuda, S, et al. TRIM39 Negatively Regulates the NFκB-Mediated Signaling Pathway Through Stabilization of Cactin. Cell Mol Life Sci (2016) 73(5):1085–101. doi: 10.1007/s00018-015-2040-x

56. Arroyo, JD, Jourdain, AA, Calvo, SE, Ballarano, CA, Doench, JG, Root, DE, et al. A Genome-Wide CRISPR Death Screen Identifies Genes Essential for Oxidative Phosphorylation. Cell Metab (2016) 24(6):875–85. doi: 10.1016/j.cmet.2016.08.017

57. Liu, L, Rodriguez-Belmonte, EM, Mazloum, N, Xie, B, and Lee, MY. Identification of a Novel Protein, PDIP38, That Interacts With the P50 Subunit of DNA Polymerase Delta and Proliferating Cell Nuclear Antigen. J Biol Chem (2003) 278(12):10041–7. doi: 10.1074/jbc.M208694200

58. Oltean, S, and Bates, DO. Hallmarks of Alternative Splicing in Cancer. Oncogene (2014) 33(46):5311–8. doi: 10.1038/onc.2013.533

59. Climente-González, H, Porta-Pardo, E, Godzik, A, and Eyras, E. The Functional Impact of Alternative Splicing in Cancer. Cell Rep (2017) 20(9):2215–26. doi: 10.1016/j.celrep.2017.08.012

60. Chen, XY, Wang, ZC, Li, H, Cheng, XX, Sun, Y, Wang, XW, et al. Nuclear Translocations of Beta-Catenin and TCF4 in Gastric Cancers Correlate With Lymph Node Metastasis But Probably Not With CD44 Expression. Hum Pathol (2005) 36(12):1294–301. doi: 10.1016/j.humpath.2005.09.003

61. Peng, WZ, Liu, JX, Li, CF, Ma, R, and Jie, JZ. hnRNPK Promotes Gastric Tumorigenesis Through Regulating CD44E Alternative Splicing. Cancer Cell Int (2019) 19:335. doi: 10.1186/s12935-019-1020-x

62. Muro, K, Chung, HC, Shankaran, V, Geva, R, Catenacci, D, Gupta, S, et al. Pembrolizumab for Patients With PD-L1-Positive Advanced Gastric Cancer (KEYNOTE-012): A Multicentre, Open-Label, Phase 1b Trial. Lancet Oncol (2016) 17(6):717–26. doi: 10.1016/S1470-2045(16)00175-3

63. Kang, YK, Boku, N, Satoh, T, Ryu, MH, Chao, Y, Kato, K, et al. Nivolumab in Patients With Advanced Gastric or Gastro-Oesophageal Junction Cancer Refractory to, or Intolerant of, at Least Two Previous Chemotherapy Regimens (ONO-4538-12, ATTRACTION-2): A Randomised, Double-Blind, Placebo-Controlled, Phase 3 Trial. Lancet (2017) 390(10111):2461–71. doi: 10.1016/S0140-6736(17)31827-5

64. Fuchs, CS, Doi, T, Jang, RW, Muro, K, Satoh, T, Machado, M, et al. Safety and Efficacy of Pembrolizumab Monotherapy in Patients With Previously Treated Advanced Gastric and Gastroesophageal Junction Cancer: Phase 2 Clinical KEYNOTE-059 Trial. JAMA Oncol (2018) 4(5):e180013. doi: 10.1001/jamaoncol.2018.0013

65. Royston, P, and Parmar, MK. Restricted Mean Survival Time: An Alternative to the Hazard Ratio for the Design and Analysis of Randomized Trials With a Time-to-Event Outcome. BMC Med Res Methodol (2013) 13:152. doi: 10.1186/1471-2288-13-152




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 © 2021 Lou, Meng, Yin, Zhang, Han and Xue. 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-12-719628-g008.jpg
T

il ‘iw\'v.m‘h‘m

A f-‘ i






OEBPS/Images/M2.jpg
=0.111 x ZBTB7A - 0.078 x METTL2B - 0.037

Risk Score:
X CACTIN - 0.033 x TRUB2 - 0.027

x POLDIP3 ~0.018 x TSENS4 - 0.003 x SUGP1
+0.031 x RBMS1 +0.089 x TGFB1 +0.116

« PWP?





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Comprehensive Characterization of RNA Processing Factors in Gastric Cancer Identifies a Prognostic Signature for Predicting Clinical Outcomes and Therapeutic Responses

      

        		

          Introduction

        



        		

          Materials and Methods

        

          		

            Gastric Cancer Dataset Source

          



          		

            Data Preprocessing

          



          		

            Collection of RNA Processing Factors

          



          		

            Unsupervised Clustering for RNA Processing Factors

          



          		

            Identification of the RNA Processing-Related Prognostic Signature

          



          		

            Development and Verification of a Composite RNA Processing–Clinical Prognostic Nomogram

          



          		

            Construction of Regulatory Network Between RNA Processing Factors and ASEs

          



          		

            Immunohistochemical Analysis

          



          		

            Bioinformatics Analyses

          



          		

            Statistical Analyses

          



        



        



        		

          Results

        

          		

            Overview of RNA Processing Factors in GC

          



          		

            Identification of the Five Distinct RNA Processing Patterns

          



          		

            Identification of the RNA Processing-Related Prognostic Signature

          



          		

            Identification of the Composite Prognostic Nomogram

          



          		

            Function Analysis of Genes Correlated With the RNA Processing-Related Prognostic Signature

          



          		

            Expression and Clinical Features Underlying the RNA Processing-Related Prognostic Signature

          



          		

            Genetic Variants, Pathway Activation, and Immune Heterogeneity Underlying the RNA Processing-Related Prognostic Signature

          



          		

            RNA Splicing Events Underlying the RNA Processing-Related Prognostic Signature

          



          		

            Drug Response Features Underlying the RNA Processing-Related Signature

          



        



        



        		

          Discussion

        



        		

          Data Availability Statement

        



        		

          Ethics Statement

        



        		

          Author Contributions

        



        		

          Funding

        



        		

          Supplementary Material

        



        		

          References

        



      



      



    



  



OEBPS/Images/fimmu-12-719628-g006.jpg
“ - =
s L £ A ]
i - -
v Dsbiobeie. 1
b T
' ks j
' il
¢ b 8 b
Hi E e
' ) 1l
g o8 [ f Bifiall i
A S | E
==
£=
3
i
|
i
i






OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/table2.jpg
Dataset

TCGA cohort
(n = 373)

HMU cohort
(n = 214)

GEO cohort
(n = 492)

Factor

Risk score (increasing values)

Age

(increasing years)

Sex

(male vs. female)

TNM stage

(I +Vvs.1+1)

Risk score (increasing values)
Age

(increasing years)

Sex

(male vs. female)

TNM stage

(n+WVvs.1+1)

Risk score (increasing values)
Age

(increasing years)

Sex

(male vs. female)

TNM stage

(I + Vs, +11)

The bold value means the outcome is statistically significant.

Univariate Multivariate

HR (95% CI) p-value HR (95% ClI) p-value

9.280 (4.746, 18.148) <0.001 9.918 (4.926, <0.001
19.968)

1.021 (1.005, 1.087) 0.012 1.027 (1.010, 1.045) 0.002
1.333 (0.936, 1.899) 0.112
1.891 (1.325, 2.698) <0.001 2.101 (1.464, 3.015) <0.001
2.819 (1.041, 7.637) 0.041 2.819 (1.041, 7.637) 0.041
1.009 (0.992, 1.027) 0.284
0.984 (0.615, 1.574) 0.947
1.165 (0.710, 1.911) 0.545
3.601 (2.002, 6.474) <0.001 1.632 (0.879, 3.029) 0.121
1.006 (0.995, 1.018) 0.254
1.056 (0.810, 1.377) 0.686
4.245 (3.097, 5.817) <0.001 3.983 (2.878, 5.511) <0.001





OEBPS/Images/fimmu.2021.719628_cover.jpg
’ frontiers
in Immunology

Comprehensive Characterization of
RNA Processing Factors in Gastric
Cancer Identifies a Prognostic
Signature for Predicting
Clinical Outcomes and
Therapeutic Responses





OEBPS/Images/fimmu-12-719628-g002.jpg
“

[T—r—

33 43

L P

w0y
o han =i
i
B 0 o
| ot . §
. svort | ol
4, L
. poons | Lt
o ezl - s o
. cacw || ©® it roors) T TR
. wmall e k)
RN et N T
. en b e o o0 w0 ew
o Gs 44 4z © oz o5 05 o8 TE m E e W
o v < - e han =
i 1.
Pl H
Number at sk (%) T onnef Mumbes at sk ) T (o)
rovealirim wm wcs s wen o o0 PP s T
Voo noo wer von oo 00 Lo on_wa w0 oo

® L m—wm W






OEBPS/Images/fimmu-12-719628-g004.jpg





OEBPS/Images/table3.jpg
Data set Factor Subgroup analysis p-value for interaction
Samples HR (95% CI) p-value
TCGA cohort Sex
(n =373) Female 133.000 12.071 (3.737, 38.996) <0.001 0.651
Male 240.000 8.271 (3.611, 18.945) <0.001
Age
<60 120.000 18.021 (4.949, 65.616) <0.001 0.268
> 60 249.000 7.543 (3.498, 16.267) <0.001
Stage
Early (I and Il) 164.000 7.482 (2.349, 23.831) 0.001 0.660
Advanced (lll and IV) 186.000 11.097 (4.527, 27.202) <0.001
HMU cohort Sex
(n=214) Female 77.000 2.162 (0.315, 14.849) 0.433 0.666
Male 136.000 3.372 (1.037, 10.971) 0.043
Age
<60 118.000 2.369 (0.563, 9.977) 0.240 0.691
> 60 96.000 3.509 (0.8883, 13.943) 0.075
Stage
Early (1 and Il) 67.000 1.243 (0.213, 7.264) 0.809 0.260
Advanced (Il and IV) 147.000 4.149 (1.234, 13.947) 0.021
GEO cohort Sex
(n = 492) Female 168.000 6.633 (2.354, 18.691) <0.001 0.113
Male 324.000 2,651 (1.290, 5.447) 0.008
Age
<60 178.000 8.792 (3.039, 25.438) <0.001 0.065
> 60 314.000 2.583 (1.260, 5.291) 0.010
Stage
Early (I and 1) 187.000 2.796 (0.784, 9.976) 0.113 0.312
Advanced (lll and IV) 305.000 1.331 (0.654, 2.708) 0.431

The bold value means the outcome is statistically significant.





OEBPS/Images/fimmu-12-719628-g009.jpg
mmmmmm mim = |

“W

%ﬁ## Hﬁﬁw

qm o '
gi. & )






OEBPS/Images/logo.jpg
’ frontiers
in Immunology





OEBPS/Images/fimmu-12-719628-g001.jpg
3031






OEBPS/Images/M1.jpg
Risk Score = ) = Coef; x E, .,





OEBPS/Images/fimmu-12-719628-g007.jpg





OEBPS/Images/fimmu-12-719628-g005.jpg
Risk scores of 079 gasric cancer sampios.

5 Gl 1
5 Gz
s
Gt
= Clses

oo






OEBPS/Images/table1.jpg
Dataset

TCGA cohort (n = 373)

HMU cohort (n = 214)

GEO cohort (n = 492)

Time point

12 months
36 months
60 months
12 months
36 months
60 months
12 months
36 months
60 months

Low risk (95% Cl)

11.236 (10.881, 11.590)
28.138 (26.304, 29.972)
40.810 (36.656, 44.964)
11.046 (10.594, 11.498)
29.787 (27.582, 31.992)
43.591 (39.832, 47.350)
11.242 (10.965, 11.519)
28.479 (27.011, 29.948)
42.934 (40.076, 45.792)

RMST?

High risk (95% CI)

10.206 (9.722, 10.69)
21.273 (19.167, 23.378)
29.399 (25.410, 33.387)
11.072 (10.700, 11.444)
25.915 (23,592, 28.237)
34.980 (30.935, 39.025)
11.115 (10.852, 11.377)
25578 (24.070, 27.085)
36.224 (33.359, 39.089)

RMST difference®

1.030 (0.430, 1.629)
6.865 (4.073, 9.658)
11.411 (5.652, 17.170)
-0.026 (-0.612, 0.559)
3.872 (0.670, 7.075)
8611 (3.089, 14.133)
0.127 (-0.255, 0.509)
2.901 (0.797, 5.006)
6.710 (2.663, 10.757)

p-value

<0.001
<0.001
<0.001
0.93
0.018
0.002
0.514
0.007
0.001

“RMST, months.

"RMST difference = RMSTiow sk — AMSThign sk

The bold value means the outcome is statistically significant.





OEBPS/Images/fimmu-12-719628-g003.jpg





