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Background: Currently, there are no useful biomarkers or prognostic risk markers for the diagnosis of kidney renal clear cell carcinoma (KIRC), although recent research has shown that both, the onset and progression of KIRC, are substantially influenced by immune-associated genes (IAGs).
Objective: This work aims to create and verify the prognostic value of an immune risk score signature (IRSS) based on IAGs for KIRC using bioinformatics and public databases.
Methods: Differentially expressed genes (DEGs) related to the immune systems (IAGs) in KIRC tissues were identified from The Cancer Genome Atlas (TCGA) databases. The DEGs between the tumor and normal tissues were identified using gene ontology (GO) and Kyoto Encyclopaedia of Genes and Genomes (KEGG) enrichment analyses. Furthermore, a prognostic IRSS model was constructed and its prognostic and predictive performance was analyzed using survival analyses and nomograms. Kidney renal papillary cell carcinoma (KIRP) sets were utilized to further validate this model.
Results: Six independent immunity-related genes (PAEP, PI3, SAA2, SAA1, IL20RB, and IFI30) correlated with prognosis were identified and used to construct an IRSS model. According to the Kaplan-Meier curve, patients in the high-risk group had significantly poorer prognoses than those of patients in the low-risk group in both, the verification set (p <0.049; HR = 1.84; 95% CI = 1.02–3.32) and the training set (p < 0.001; HR = 3.12, 95% CI = 2.23–4.37). The numbers of regulatory T cells (Tregs) were significantly positively correlated with the six immunity-related genes identified, with correlation coefficients were 0.385, 0.415, 0.399, 0.451, 0.485, and 0.333, respectively (p <0.001).
Conclusion: This work investigated the association between immune infiltration, immunity-related gene expression, and severity of KIRC to construct and verify a prognostic risk model for KIRC and KIRP.
Keywords: kidney renal clear cell carcinoma, risk model, prognostic biomarker, immune infiltration, KIRC
INTRODUCTION
Renal cell carcinomas (RCCs) are malignancies in the kidneys; globally, the incidence of RCC has been steadily rising over the last few decades. The most common types of RCCs are kidney renal clear cell carcinomas (KIRCs) and kidney renal papillary cell carcinomas (KIRPs). Although in the early stages of both diseases, patients often display no clinical symptoms, the prognosis for those with KIRP is better than for those with KIRC. It is also unclear if KIRC and KIRP have similar pathogenesis pathways.
KIRC represents about 80% of all RCC cases in adults, whereas KIRP about 10%–15% (Ricketts et al., 2018). For most cases of localized KIRC, the primary treatment consists of surgical removal of the tumor; for advanced and metastatic cases, however, chemotherapy, targeted medication, and immunotherapy are usually used (Chen et al., 2019). When diagnosed at an advanced stage, RCC is a fatal illness with a dismal 5-year survival rate of 11.7% (Siegel et al., 2017). Currently, combinations of anti-VEGF (Vascular Endothelial Growth Factor, VEGF) and immune checkpoint inhibitor treatments are under investigation, which if successful, will significantly alter the therapeutic landscape for RCC treatment (Motzer et al., 2015).
Since immune-associated genes (IAGs) are known to significantly influence the onset and progression of KIRC, (Ghatalia et al., 2019; Xu et al., 2019), several types of immunotherapies, including the use of programmed death-1 (PD-1) inhibitors, cytotoxic T-lymphocyte associated protein 4 (CTLA-4) inhibitors, or programmed death-ligand 1 (PD-L1) inhibitors, are proving to be effective treatment options (Atkins and Tannir, 2018). Recently, a multicentre, randomized, double-blind, placebo-controlled, phase 3 trial has shown that Pembrolizumab is an effective immunotherapeutic agent for KIRC (Powles et al., 2022). However, poor long-term response rates and the absence of efficient prognostic predictors have restricted the use of such first-generation immunotherapies. Therefore, there is an urgent need for identifying new biomarkers, especially immune-related ones, to track disease development, prognosis, and therapy response in KIRC patients.
In recent years, many studies have reported on how prognostic models can be valuable clinical tools in the treatment of various conditions (Huang et al., 2019; Shen et al., 2019; Xu et al., 2020a; Liu et al., 2020; Qu et al., 2020; Wang et al., 2020; Jia et al., 2022; Zhang et al., 2022). However, there have been few investigations on establishing prognostic models for KIRC, especially those related to the immune system. To investigate the relationships between the immune system and the progression of KIRC, we used data from The Cancer Genome Atlas (TCGA) database to construct a risk score model relying on immunity-related genes. Collectively, our results demonstrate the functional significance of immunity-related signatures as prognostic biomarkers for KIRC and kidney renal papillary cell carcinoma (KIRP).
MATERIALS AND METHODS
Data compilation and handling
We retrieved data on gene expression, clinicopathology, and survival of patients with KIRC and KIRP from The Cancer Genome Atlas (TGCA) database and the University of California Santa Cruz (UCSC)database. The KIRC samples with prognostic data, comprising 172 normal samples and 539 tumor samples, were integrated to form a training set. A verification set containing prognostic data on 256 KIRP patients was also established.
In total, the expression profiles of 2,483 immunity-related genes were retrieved, with the complete gene names obtained from the Immunology Database and Analysis Portal (ImmPort) database’s Gene List module (Supplementary Table S1).
The human protein atlas (HPA) databases
The HPA contains extensive data on the transcriptome and proteome of various human specimens, including tissue, cell, and pathology atlases. Moreover, the database also provides data on protein immunohistochemistry in tumors and normal human tissue samples.
Differential gene expression analysis
Differential gene expression analysis was used to identify the differentially expressed genes (DEGs) between the tumor and normal groups. We used the ‘limma’ software package in R (v. 3.6.3), With a false discovery rate (FDR) < 0.25 and Log2| Fold Change | > 2. The DEGs were visualized through volcano plots using the “ggplot2,” “Cairo,” and “ggrepel” packages in R (v. 3.6.3).
Gene ontology (GO) and kyoto encyclopedia of genes and genomes (KEGG) analysis
We used the ‘clusterProfiler’ package (v. 3.14.3) to perform GO and KEGG analyses to discover the prospective biological functions and enrichment pathways of the identified DEGs. The KEGG database incorporates information on chemical, genomic, and systematic functional data. The molecular functions, biological processes, and cell composition are gene features that are primarily described by the GO analysis. An adjusted p-value of <0.05 indicated significance. We used the “ggplot2” package (version 3.3.3) for visualization.
Establishment of immune risk score signature (IRSS) for prognosis
To identify the differentially expressed immunity-related genes (DEIGs), a total of 1734 genes associated with immunity were identified in KIRC tissues and compared with the DEGs obtained in the previous analysis. Univariate Cox regression analysis was then used to identify immunity-related genes that had significant relationships with prognosis. Following this, we used LASSO (least absolute shrinkage and selection operator) regression analysis to identify a subset of genes that could be used as independent prognostic indicators. The LASSO regression allowed us to improve our model’s accuracy and interpretability, while also addressing the issue of collinearity among the independent variables (Alhamzawi and Ali, 2018). Independent prognostic factor-related regression coefficients were then obtained from multivariate Cox regression analysis. Lastly, the formula for an IRSS, which was established using the multivariate Cox regression coefficient beta value as:
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wherein this formula, EXP denotes the expression level of the gene and β signifies the regression coefficient from the multivariate Cox regression analysis (Zeng et al., 2017).
Groups with high-IRSS and low-IRSS were established where the risk score for each TCGA-KIRC sample was computed using the above formula; the median risk score was used as the cut-off value for the establishment of these groups. Additionally, the log-rank test was used for comparing overall survival (OS) rates between the two groups, which was visualized using Kaplan-Meier (KM) curves. The AUC (area under the curve) for the receiver operating characteristic (ROC) was used to analyze the prognostic value of the six immunity-related genes identified in this study and the IRSS in KIRC patients. The horizontal and vertical axes of the ROC curve denote specificity and sensitivity, respectively (DeLong et al., 1988). The AUC provides a probability value that can be used to assess the model’s predictive accuracy and varies in value from 0.5 to 1, where the larger the value, the better the model’s accuracy. In our study, larger AUC values denote higher levels of agreement between the actual OS and the predicted OS. For these analyses, we used the “glmnet” package (version 4.1-2) and the ‘survival’ package (version 3.2-10).
Immune cell infiltration analysis
Marker genes for each of the 24 types of immune cells were obtained from a research report by Bindea et al. (2013). We used the single sample Gene Set Enrichment Analysis (ssGSEA) method to identify the different immune cells that infiltrated KIRC tumors. We used Wilcoxon’s signed-rank sum test and Spearman’s correlation to analyze the associations between the gene expression profiles of the six DIEGs and immune infiltration patterns. The analysis was performed using the “Xiantao tool” module (https://www.xiantao.love/products) and the ‘GSVA’ package (version 1.34.0).
Analyzing the relationships between clinicopathological data and the IRSS
We screened for KIRC-related prognostic predictors, specifically clinical characteristics, and examined their association with the IRSS that we have developed. We paid special attention to the relationship between the OS and the IRSS, which was examined with the univariate Cox proportional risk model. Multivariate Cox regression analysis was used to establish the potential of the IRSS as an independent prognostic predictor. A nomogram was constructed by incorporating clinicopathological data from KIRC patients, including age, gender, histologic grade of the tumor, pathologic stage of the tumor, and IRSS; this was used to comprehensively evaluate patients' survival data. We used the “rms” package [version 6.2-0] and the ‘survival’ package [version 3.2-10] for these analyses.
In addition, decision curve analysis (DCA) were also generated across 1, 3, and 5 years to assess the suitability of nomograms for clinical use. The threshold probability percentage and net income are displayed in a graph (Figure 8) on the x and y-axes, respectively.
Verification of the IRSS
The TCGA-KIRP dataset (n = 256) was chosen to verify our IRSS model and assess the generalization of the signature since KIRC and KIRP tumors are anatomically and histologically quite similar. Every patient’s risk score in the KIRP cohort was computed and ranked using the IRSS formula that we developed using the TCGA-KIRC dataset. The TCGA-KIRP cohort’s cutoff values were used to classify the KIRP samples into groups with high- and low-risk as per the scores. The KM curve was used to compare survival across the two groups. The ROC curve was used to evaluate the precision of the signature prediction. In addition, the nomogram was used to evaluate the survival probabilities of the KIRP patients using clinicopathological data, including age, gender, histologic grade of the tumor, pathologic stage of the tumor, and the IRSS.
RESULTS
Differential gene expression analysis
We first created a flow chart (Figure 1) to illustrate the steps followed in this study. The training set had samples from 539 KIRC patients along with 172 normal samples with data on gene expression, prognosis, and survival. A risk score model was developed based on the expression patterns of the immunity-related genes to predict the prognoses of the KIRC patients to examine if these genes can be used as biomarkers. The differential gene expression analysis identified 6,533 DEGs (|log2(FC)|>2 and p <0.05) as depicted in the volcano plot (Figure 2A) Supplementary Table S2. Of these, 5,055 were upregulated (logFC positive) and 1,478 were downregulated (logFC negative).
[image: Figure 1]FIGURE 1 | Flow chart of steps followed for data collection and analysis in this study.
[image: Figure 2]FIGURE 2 | Construction of the IRSS. (A) Volcano plot of differentially expressed genes. (B) Intersection Venn diagram of DEGs and immunity-related genes. (C) Risk scores, survival status, and heat maps of six immunity-related genes in KIRC patients. (D) Ten-fold cross-validation of the LASSO model-related optimized parameter selection. (E) LASSO coefficient profiles. 0 represents survival status “alive,” one represents survival status “dead”.
GO and KEGG analysis
GO and KEGG enrichment analyses were conducted to investigate the prospective relationship between immune activity and gene expression in the tumor and normal tissues in the TCGA-KIRC cohort. The DEGs were enriched in a range of processes in both tissue types, with immune-related pathways making up the majority of these processes. As per the KEGG enrichment analysis (Figure 3), natural killer cell-mediated cytotoxicity, cytokine-cytokine receptor interaction, BP modules implicated in receptor-ligand activity, cytokine receptor binding, and cytokine activity, in GO enrichment analysis. Collectively, these results demonstrate that certain immune genes are differentially expressed in KIRC tumors. Supplementary Table S3, S4 provide more details on the enrichment analysis results.
[image: Figure 3]FIGURE 3 | Differential genes expressed in normal and KIRC tissues are involved in immune-related pathways. (A) GO, Gene Ontology; (B) KEGG, Kyoto Encyclopedia of Genes and Genomes.
Construction and prognostic value of IRSS
According to the Venn diagram showing the overlay of the immunity-related genes and DEGs (Figure 2B); 487 DEIGs were identified (Supplementary Table S5; Figure 2B). Of these, six genes that had a strong link to prognosis were found during the LASSO regression analysis. Merging the results depicted in Figures 2D, E, the six immunity-related genes that were selected and included in the model were PAEP, PI3, SAA2, SAA1, IL20RB, and IFI30 (Figure 2C; Supplementary Table S6). The associated regression coefficients for these genes (β1–β6) were 0.067, 0.027, −0.174, 0.182, 0.038, and 0.346, respectively (Supplementary Table S7). The IRSS was developed using the following formula:
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Subsequently, an OS heatmap of the six immune-related genes was generated (Figure 4A) and the relationship between the IRSS and prognosis in KIRC patients was examined using the Kaplan-Meier (K-M) plotter. As shown in Figures 4B–G, high expression levels of PAEP, PI3, SAA2, SAA1, IL20RB, and IFI30 is correlated with poor prognosis in patients with KIRC. We also analyzed the relationships between the expression levels of the six immunity-related genes and overall survival outcomes in KIRP. The results showed that high expression levels of SAA2, SAA1, and IL20RB are linked to poor prognosis (Supplementary Figure S1). Additionally, when the KIRC samples were split into low- and high-risk groups based on the IRSS, we found that patients in the high-risk group had poorer prognoses than those in the low-risk group (Figure 5A, log-rank p < 0.001; HR = 3.12, 95% CI = 2.23–4.37). Subsequently, the single-indicator ROC curve analysis indicated that AUC (Area under curve) values were 0.764, 0.521, 0.474, 0.568, 0.957, and 0.891, respectively. (Figure 6). Following this, the effectiveness of our model in predicting OS for KIRC patients was evaluated using the ROC curves. As shown in Figure 5B, the 1-, 3-, and 5-year AUC values were 0.735, 0.708, and 0.720, respectively, which demonstrates the model’s reliability and accuracy in predicting patient prognosis.
[image: Figure 4]FIGURE 4 | Prognostic analysis of six immunity-related genes in KIRC. (A) Establishment of an OS heatmap of these genes. (B–G) Survival analysis to investigate the association between the expression levels of PAEP, PI3, SAA2, SAA1, IL20RB, IFI30, and overall survival of KIRC.
[image: Figure 5]FIGURE 5 | Associations of the six immunity-related genes signatures with OS, AUC curves, and clinicopathological features in KIRC. (A) Kaplan-Meier curve exhibited substantial variation in OS across the high- and low-risk groups in the TCGA-KIRC cohort. (B) Time-dependent ROC curves for predicting 1-, 3-, and 5-year survival rates. Relationship between signature risk scores and clinicopathological features in (C) OS events (Alive vs. Dead; unpaired Student’s t-test, p <0.001), (D) age (>60 vs. ≤60; unpaired Student’s t-test, p >0.05), (E) Pathological stage of tumor (stage I–II vs stage III–IV; unpaired Student’s t-test, p <0.001), (F) Histological grade of tumor (G1–2 vs G3–4; unpaired Student’s t-test, p <0.001).
[image: Figure 6]FIGURE 6 | Single-indicator ROC curves for PAEP, PI3, SAA2, SAA1, IL20RB, and IFI30 for diagnosis of KIRC. (A) PAEP, (B) PI3, (C) SAA2, (D) SAA1, (E) IL20RB, (F) IFI30.
Associations between the IRSS and the clinicopathological characteristics of KIRC
An investigation of the relationships between the clinicopathological characteristics and the IRSS revealed that the progression of KIRC was closely associated with the six immunity-related genes identified in this study. Patients with pathological stage III–IV and histologic grade G three to four tumors, and those who died because of KIRC were found to have greater risk scores as compared to those with pathological stage I–II (p <0.001) and histologic grade G 1–2 (p <0.001) tumors and patients who survived (p <0.001; Figures 5C, E, F). No significant association between age and the IRSS were observed (p >0.05; Figure 5D). Overall, our findings demonstrated that the six immunity-related genes identified in this study are strongly linked to KIRC progression.
Correlations between immune infiltration and expression levels of PAEP, PI3, SAA2, SAA1, IL20RB, and IFI30
As shown in Figure 7, PAEP expression was significantly positively correlated with infiltration by regulatory T cells (Tregs), Th2 cells, and Th1 cells (p <0.001); PI3 expression was significantly positively correlated with infiltration by Tregs, macrophages, and Th2 cells (p <0.001); SAA2 expression was significantly positively correlated with infiltration by macrophages, Tregs, and B cells (p <0.001); SAA1 expression was significantly positively correlated with infiltration by Tregs, macrophages, and B cells (p <0.001); IL20RB expression was significantly positively correlated with infiltration of Tregs, Th1 cells, and macrophages (p <0.001); IFI30 expression was significantly positively correlated with infiltration by Tregs, NK CD56 bright cells, and T helper cells (p <0.001). Interestingly, we found that Tregs were positively associated with all the six genes identified in this study, with correlation coefficients of 0.385, 0.415, 0.399, 0.451, 0.485, and 0.333, respectively. We also analyzed the relationships between the six immunity-related genes identified here and 24 tumor-infiltrating immune cells in KIRP tissues. The results showed that the six immunity-related genes were also associated with multiple immune cell infiltration in KIRP (Supplementary Figure S2).
[image: Figure 7]FIGURE 7 | Associations between expression levels of the six immunity-related genes and infiltrating immune cells in patients with KIRC. (A–F) The associations between the expression levels of PAEP, PI3, SAA2, SAA1, IL20RB, and IFI30 and infiltration by immune cells. (G–L) The associations between expression levels of PAEP, PI3, SAA2, SAA1, IL20RB, IFI30 and infiltration by regulatory T cells in KIRC tissues.
Prognostic significance of IRSS
We used univariate and multivariate Cox regression analyses to evaluate the prognostic significance of the IRSS that we have developed. According to univariate Cox regression analysis, in the TGGA-KIRC dataset, age, histologic grade, pathologic stage, and risk score, were all prognostic predictors, although gender was not (Figure 8A). According to the multivariate Cox regression analysis (Figure 8B, log-rank p < 0.001; HR = 3.334, 95% CI = 1.785–6.229; Table 1), the risk score was an independent prognostic predictor. According to the DCA (Figure 8C), the IRSS in combination with various clinicopathological characteristics has greater clinical applicability. According to the aforementioned findings, our IRSS can be employed as a robust and innovative prognostic biomarker for KIRC.
[image: Figure 8]FIGURE 8 | Assessment of the IRSS along with establishment and assessment of nomograms. (A) Univariate Cox regression analysis indicated that age, gender, histological grade of the tumor, pathological stage of the tumor, and risk score were correlated with OS in KIRC patients. (B) Multivariate Cox regression analysis indicated that the risk score was correlated with the OS in KIRC patients. (C) Decision curve analysis (DCA) for assessing the performance of the IRSS in prognostic prediction. (D) 1-, 3-, and 5-year nomograms for predicting OS in patients with KIRC. This nomogram incorporates the following five variables: Age, gender, histological grade of the tumor, pathological stage of the tumor, and IRSS. (E) Decision curve analysis (DCA) for the assessing the performance of the nomogram.
TABLE 1 | Univariate and multivariate Cox regression analysis.
[image: Table 1]Nomograms are useful because they simplify statistical prediction models to single numerical estimates of event possibilities suited to specific patient characteristics (Iasonos et al., 2008). Since numerous clinical characteristics have prognostic significance in clinical practice, we constructed a nomogram using numerous clinicopathological characteristics and the IRSS to predict patient prognosis in KIRC. As depicted in Figure 8D, it is possible to compute and combine the scores of each variable to generate a prognosis. According to the DCA (Figure 8E), the nomogram’s clinical application value is also higher when in combination with a variety of clinical variables.
Verification of IRSS using the TCGA-KIRP cohort
Data from the TCGA-KIRP cohort were used as a verification dataset to validate the usability of the IRSS that we have developed for RCCs. After the individual patients’ risk scores were computed as per the IRSS equation mentioned before (Supplementary Table S8), the KIRP samples were classified into low- and high-risk groups using the median IRSS value. We found that the risk score was negatively correlated with the OS rates (Figure 9A). In addition, the KM analysis (Figure 9B) indicated that the patients in the low-risk group had significantly better prognoses than those in the high-risk group (log-rank p = 0.049; HR = 1.84, 95% CI = 1.02–3.32. The model performed well in predicting OS as demonstrated by the AUCs of the survival ROC curves which were 0.601, 0.571, and 0.518 over 1, 3, and 5 years, respectively (Figure 9C). Several clinical features including age, gender, and pathologic stage of the tumor together with IRSS were utilized to construct a nomogram for predicting prognostic survival over 1, 3, and 5 years (Figure 9D).
[image: Figure 9]FIGURE 9 | Validation of the IRSS signature with the TCGA-KIRP dataset. (A) Risk scores, survival status, and heat maps of the six immunity-related genes in KIRP patients. (B) Kaplan-Meier curve exhibited significant differences in OS between the high- and low-risk groups in TCGA-KIRP. (C) Time-dependent ROC curves for predicting 1-, 3- and 5-year survival rates. (D) 1-,3-, and 5-year nomograms for predicting OS in patients with KIRP. This nomogram incorporates the following four variables: Age, gender, pathology stage, and IRSS. 0 represents the survival status “alive” and one represents the survival status “dead.”
Collectively, the IRSS that we have developed has potential as a prognostic predictive biomarker for both KIRC and KIRP and may be useful in other RCCs also.
DISCUSSION
In this study, we investigated the possibility of using immunity-related genes in developing a prognostic biomarker for RCCs. To do this, we used the TCGA-KIRC database as a training set. The differential gene analysis was performed to identify DEGs between the tumor and normal tissues in KIRC patients. Following this, GO and KEGG enrichment analyses were conducted on the DEGs to identify immune and tumor-related genes which were upregulated. Our results support earlier reports that IAGs are vital to the onset and advancement of KIRC (Shen et al., 2020).
Subsequently, we used the Cox proportional hazard model and LASSO regression analysis to select immunity-related genes from the DEGs identified through the previous analyses. We identified six independent immunity-related genes associated with KIRC prognosis. Data on these genes were integrated to create an IRRS model to predict patient prognosis for KIRC.
The progestagen-associated endometrial protein (PAEP), which is a member of the lipocalin family of glycoproteins, is one of the six genes identified in this study and functions as a negative controller of T cell receptor-mediated activation. In melanomas, tumor cells secrete PAEP which can inhibit the activation, proliferation, and cytotoxicity of T lymphocytes (Ren et al., 2015). The PI3-kinase/Akt signaling pathway is active in most RCCs. A recent study showed that dual inhibition of PI3K/mTOR by NVP-BEZ235 triggered growth arrest in RCC cell lines both in vivo and in vitro (Cho et al., 2010). SAA2 expression was positively linked to the disease stage of non-small cell lung cancer (Zhang et al., 2021). Another study has shown that SAA1 may be used as a biomarker for diagnosis and prognosis in advanced KIRC cases (Li et al., 2021). Many human malignancies exhibit dysregulated IL20RB expression, which is remarkably high in KIRC. Previous work has shown that IL20RB can be used as a prognostic biomarker for tracking KIRC treatment (Guo et al., 2022). Abnormal expression of IFI30 has also been found in many human tumors. For example, IFI30 overexpression is linked to the occurrence of high-grade tumors, immune infiltration, and worse OS in glioma (Jiang et al., 2021).
The KM analysis indicates that the IRSS model that we have developed is a robust biomarker for predicting patient prognosis in KIRC. The differences in OS between the high- and low-risk groups were statistically significant. Additionally, the survival ROC data showed that our model’s ability to predict prognosis was in line with real-world outcomes. Furthermore, survival analysis with clinicopathological data (such as age, histologic grade of tumor, pathologic stage of tumor, and gender) as covariates, showed that our IRSS model was still a reliable and independent prognostic predictor. We also developed a nomogram to predict patient survival using the IRSS and clinicopathologic data. The DCA results demonstrated that the IRSS that we have developed had greater accuracy in predicting patient prognosis than the conventional prediction using (tumor node metastasis, TNM) stage. Furthermore, we also found that the nomogram using clinical data along with the IRSS could make better predictions of patient prognosis for KIRC.
We have also investigated the relationships between the expression levels of six IAGs in KIRC and tumor infiltration by 24 different types of immune cells. Our results show that the expression levels of these six IAGvary substantially in the different infiltrating immune cells and that these expression levels were significantly and positively correlated with immune infiltration by Tregs. Immune homeostasis is influenced by Treg cells, which have high expression levels of the forkhead box P3 transcription factor (FOXP3) (Kasagi et al., 2014; Li et al., 2015; Ni et al., 2018). In the supplementary material, we also provide the results of an analysis that looks at the relationship between FOXP3 expression and the expression levels of the six IAGs in KIRC tissues. The results show a significantly positive association between these variables (Supplementary Figure S3). Similar results were found in KIRP tissues also (Supplementary Figure S4). Previous research has demonstrated that there are various mechanisms by which Treg cells can control the growth of tumors, including affecting the expression of immune checkpoint molecules (CTLA-4, ICOS, LAG-3) and secreting immunosuppressive cytokines (IL-10 and TGF-β) (Gu et al., 2022). Therefore, targeting these six IAGs may become an alternative strategy for tumor immunotherapy in treating KIRC.
The highly complex processes of tumor development and progression in RCCs are regulated by several genes. Currently, there are numerous relevant prognostic models for patients with KIRC as a result of an increase in interest in this area of research (Xu et al., 2020b; Wu et al., 2021). We used the LASSO regression analysis to establish a risk model linked to immunity-related genes for patients with KIRC. LASSO regression is a compressed estimation technique. By creating a penalty mechanism, constricting a few coefficients, and zeroing out some coefficients, it can produce a more refined model than univariate and multifactorial regression. It can also perform variable selection simultaneously with parameter estimation and is thus better at addressing the multicollinearity problems in regression analysis than univariate and multifactorial regression. The drawbacks, however, of this model are that it is difficult to calibrate when some coefficients are compressed, which results in underfitting of the data.
Our work has used the expression profiles of PAEP, PI3, SAA2, SAA1, IL20RB, and IFI30 to develop an IRSS model to predict the prognoses of patients with KIRC. In addition, we also generated 1-, 3- and 5-year ROC curves for patients with KIRC on the basis of the risk model; we find that our prognostic model is likely to offer a more thorough and individualized scheme of treatment. The IRSS that we have developed can not only predict clinical prognosis but can also reflect the immune status of patients with KIRC. However, the interaction among these six genes and their potential role in predicting prognosis, especially response to immunotherapy for KIRC, still needs to be investigated.
We also analyzed the mRNA expression levels of the six immunity-related genes identified in this study in KIRC and KIRP tissues. We find that the expression levels of all six immunity-related genes expression were higher in KIRP tumor tissues than in normal tissues (Supplementary Figure S5). However, only PAEP, SAA1, and IL20RB were overexpressed in KIRC tissues as compared to normal tissues (Supplementary Figure S6). These differences in expression need to be further verified. In addition, we investigated the protein levels of these six immunity-related genes in tumor tissues (KIRC/KIRP) and normal tissues using data from the human protein atlas (HPA) database (Supplementary Figure S7). We find that the protein levels and mRNA levels are not always consistent; this needs to be further investigated through immunohistochemistry studies.
CONCLUSION
In summary, we have developed a new and reliable biomarker for predicting the prognosis of patients with KIRC using six immunity-related genes. The IRSS model developed was found to be quite robust and may be useful for clinical application. Our observations need to be verified with further research and additional experimental investigation.
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.
AUTHOR CONTRIBUTIONS
TW and YL wrote the main manuscript text and DW prepared Figures 1–3, HP C prepared Figures 4–6, LY prepared Figures 7–9, QX prepared Supplementary tables and figures. QL supervised this work. All authors have read and approved the manuscript.
FUNDING
This study was supported by the President Foundation of The Fifth Affiliated Hospital, Southern Medical University (YZ2022ZX09).
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.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fgene.2023.1107294/full#supplementary-material
REFERENCES
 Alhamzawi, R., and Ali, H. T. M. (2018). The Bayesian adaptive lasso regression. Math. Biosci. 303, 75–82. doi:10.1016/j.mbs.2018.06.004
 Atkins, M. B., and Tannir, N. M. (2018). Current and emerging therapies for first-line treatment of metastatic clear cell renal cell carcinoma. Cancer Treat. Rev. 70, 127–137. doi:10.1016/j.ctrv.2018.07.009
 Bindea, G., Mlecnik, B., Tosolini, M., Kirilovsky, A., Waldner, M., Obenauf, A. C., et al. (2013). Spatiotemporal dynamics of intratumoral immune cells reveal the immune landscape in human cancer. Immunity 39, 782–795. doi:10.1016/j.immuni.2013.10.003
 Chen, V. J., Hernandez-Meza, G., Agrawal, P., Zhang, C. A., Xie, L., Gong, C. L., et al. (2019). Time on therapy for at least three months correlates with overall survival in metastatic renal cell carcinoma. Cancers (Basel) 11 (7), 1000. doi:10.3390/cancers11071000
 Cho, D. C., Cohen, M. B., Panka, D. J., Collins, M., Ghebremichael, M., Atkins, M. B., et al. (2010). The efficacy of the novel dual PI3-kinase/mTOR inhibitor NVP-BEZ235 compared with rapamycin in renal cell carcinoma. Clin. Cancer Res. 16 (14), 3628–3638. doi:10.1158/1078-0432.CCR-09-3022
 DeLong, E. R., DeLong, D. M., and Clarke-Pearson, D. L. (1988). Comparing the areas under two or more correlated receiver operating characteristic curves: A nonparametric approach. Biometrics 44, 837–845.
 Ghatalia, P., Gordetsky, J., Kuo, F., Dulaimi, E., Cai, K. Q., Devarajan, K., et al. (2019). Prognostic impact of immune gene expression signature and tumor infiltrating immune cells in localized clear cell renal cell carcinoma. J. Immunother. Cancer 7 (1), 139. doi:10.1186/s40425-019-0621-1
 Gu, J., Zhou, J., Chen, Q., Xu, X., Gao, J., Li, X., et al. (2022). Tumor metabolite lactate promotes tumorigenesis by modulating MOESIN lactylation and enhancing TGF-β signaling in regulatory T cells. Cell Rep. 39 (12), 110986. doi:10.1016/j.celrep.2022.110986
 Guo, H., Jiang, S., Sun, H., Shi, B., Li, Y., Zhou, N., et al. (2022). Identification of IL20RB as a novel prognostic and therapeutic biomarker in clear cell renal cell carcinoma. Dis. Markers 2022, 9443407. doi:10.1155/2022/9443407
 Huang, H., Liu, Q., Zhu, L., Zhang, Y., Lu, X., Wu, Y., et al. (2019). Prognostic value of preoperative systemic immune-inflammation index in patients with cervical Cancer. Sci. Rep. 9, 3284. doi:10.1038/s41598-019-39150-0
 Iasonos, A., Schrag, D., Raj, G. V., and Panageas, K. S. (2008). How to build and interpret a nomogram for cancer prognosis. J. Clin. Oncol. 26, 1364–1370. doi:10.1200/JCO.2007.12.9791
 Jia, E., Ren, N., Guo, B., Cui, Z., Zhang, B., and Xue, J. (2022). Construction and validation of a novel prognostic model for lung squamous cell cancer based on N6-methyladenosine-related genes. World J. Surg. Oncol. 20 (1), 59. doi:10.1186/s12957-022-02509-1
 Jiang, W., Zheng, F., Yao, T., Gong, F., Zheng, W., and Yao, N. (2021). IFI30 as a prognostic biomarker and correlation with immune infiltrates in glioma. Ann. Transl. Med. 9 (22), 1686. doi:10.21037/atm-21-5569
 Kasagi, S., Zhang, P., Che, L., Abbatiello, B., Maruyama, T., Nakatsukasa, H., et al. (2014). In vivo-generated antigen-specific regulatory T cells treat autoimmunity without compromising antibacterial immune response. Sci. Transl. Med. 6, 241ra78. doi:10.1126/scitranslmed.3008895
 Li, S., Cheng, Y., Cheng, G., Xu, T., Ye, Y., Miu, Q., et al. (2021). High SAA1 expression predicts advanced tumors in renal cancer. Front. Oncol. 11, 649761. doi:10.3389/fonc.2021.649761
 Li, Z., Li, D., Tsun, A., and Li, B. (2015). FOXP3+ regulatory T cells and their functional regulation. Cell. Mol. Immunol. 12, 558–565. doi:10.1038/cmi.2015.10
 Liu, J., Nie, S., Wu, Z., Jiang, Y., Wan, Y., Li, S., et al. (2020). Exploration of a novel prognostic risk signatures and immune checkpoint molecules in endometrial carcinoma microenvironment. Genomics 112 (5), 3117–3134. doi:10.1016/j.ygeno.2020.05.022
 Motzer, R. J., Escudier, B., McDermott, D. F., George, S., Hammers, H. J., Srinivas, S., et al. (2015). Nivolumab versus everolimus in advanced RenalCell carcinoma. N. Engl. J. Med. 373, 1803–1813. doi:10.1056/NEJMoa1510665
 Ni, X., Tao, J., Barbi, J., Chen, Q., Park, B. V., Li, Z., et al. (2018). YAP is essential for Treg-mediated suppression of antitumor immunity. Cancer Discov. 8, 1026–1043. doi:10.1158/2159-8290.cd-17-1124
 Powles, T., Tomczak, P., Park, S. H., Venugopal, B., Ferguson, T., Symeonides, S. N., et al. (2022). Pembrolizumab versus placebo as post-nephrectomy adjuvant therapy for clear cell renal cell carcinoma (KEYNOTE-564): 30-month follow-up analysis of a multicentre, randomised, double-blind, placebo-controlled, phase 3 trial. Lancet Oncol. 23 (9), 1133–1144. doi:10.1016/S1470-2045(22)00487-9
 Qu, Y., Zhang, S., Zhang, Y., Feng, X., and Wang, F. (2020). Identification of immune-related genes with prognostic significance in the microenvironment of cutaneous melanoma. Virchows Arch. 478, 943–959. doi:10.1007/s00428-020-02948-2949
 Ren, S., Chai, L., Wang, C., Li, C., Ren, Q., Yang, L., et al. (2015). Human malignant melanoma-derived progestagen-associated endometrial protein immunosuppresses T lymphocytes in vitro. PLoS One 10 (3), e0119038. doi:10.1371/journal.pone.0119038
 Ricketts, C. J., De Cubas, A. A., Fan, H., Smith, C. C., Lang, M., Reznik, E., et al. (2018). The cancer Genome atlas comprehensive molecular characterization of renal cell carcinoma. Cell Rep. 23, 313–326.e5. e5. doi:10.1016/j.celrep.2018.03.075
 Shen, C., Liu, J., Wang, J., Zhong, X., Dong, D., Yang, X., et al. (2020). Development and validation of a prognostic immune-associated gene signature in clear cell renal cell carcinoma. Int. Immunopharmacol. 81, 106274. doi:10.1016/j.intimp.2020.106274
 Shen, S., Wang, G., Zhang, R., Zhao, Y., Yu, H., Wei, Y., et al. (2019). Identification of immune-related genes with prognostic significance in the microenvironment of cutaneous melanoma. EBioMedicine 40, 318–326. doi:10.1007/s00428-020-02948-9
 Siegel, R. L., Miller, K. D., and Jemal, A. (2017). Cancer statistics. CA Cancer J. Clin. 67, 7–30. doi:10.3322/caac.21387
 Wang, J., Yu, S., Chen, G., Kang, M., Jin, X., Huang, Y., et al. (2020). A novel prognostic signature of immune-related genes for patients with colorectal cancer. J. Cell Mol. Med. 24 (15), 8491–8504. doi:10.1111/jcmm.15443
 Wu, G., Xu, Y., Zhang, H., Ruan, Z., Zhang, P., Wang, Z., et al. (2021). A new prognostic risk model based on autophagy-related genes in kidney renal clear cell carcinoma. Bioengineered 12 (1), 7805–7819. doi:10.1080/21655979.2021.1976050
 Xu, K., He, J., Zhang, J., Liu, T., Yang, F., and Ren, T. (2020). A novel prognostic risk score model based on immune-related genes in patients with stage IV colorectal cancer. Biosci. Rep. 40 (10), BSR20201725. doi:10.1042/BSR20201725
 Xu, W. H., Xu, Y., Wang, J., Wan, F. N., Wang, H. K., Cao, D. L., et al. (2019). Prognostic value and immune infiltration of novel signatures in clear cell renal cell carcinoma microenvironment. Aging (Albany NY) 11 (17), 6999–7020. doi:10.18632/aging.102233
 Xu, Y., Li, X., Han, Y., Wang, Z., Han, C., Ruan, N., et al. (2020). A new prognostic risk model based on PPAR pathway-related genes in kidney renal clear cell carcinoma. PPAR Res. 2020, 6937475. doi:10.1155/2020/6937475
 Zeng, J. H., Liang, L., He, R. Q., Tang, R. X., Cai, X. Y., Chen, J. Q., et al. (2017). Comprehensive investigation of a novel differentially expressed lncRNA expression profile signature to assess the survival of patients with colorectal adenocarcinoma. Oncotarget 8, 16811–16828. doi:10.18632/oncotarget.15161
 Zhang, F. F., Han, B., Xu, R. H., Zhu, Q. Q., Wu, Q. Q., Wei, H. M., et al. (2021). Identification of plasma SAA2 as a candidate biomarker for the detection and surveillance of non-small cell lung cancer. Neoplasma 68 (6), 1301–1309. doi:10.4149/neo_2021_210228N263
 Zhang, J., Huang, C., Yang, R., Wang, X., Fang, B., Mi, J., et al. (2022). Identification of immune-related subtypes and construction of a novel prognostic model for bladder urothelial cancer. Biomolecules 12 (11), 1670. doi:10.3390/biom12111670
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.
Copyright © 2023 Liu, Wu, Chen, Yan, Xiang, Li and Wang. 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.
OPS/images/fgene-14-1107294-g005.gif





OPS/images/fgene-14-1107294-g006.gif
ENERES KT






OPS/images/fgene-14-1107294-g003.gif
EECE





OPS/images/fgene-14-1107294-g004.gif
B 7 28

L] poer ] ot
o oot 595 L IR
ISP EIEPEEELI IEPEY P ES I FELLE P

3 c . °






OPS/images/fgene-14-1107294-g009.gif





OPS/images/fgene-14-1107294-g007.gif
.,%5,/‘%,%7,,,¢y,,4'e

,,,,, LtlTTE






OPS/images/fgene-14-1107294-g008.gif
o e





OPS/xhtml/nav.xhtml
Contents

		Cover

		Construction and verification of a novel prognostic risk model for kidney renal clear cell carcinoma based on immunity-related genes		Introduction

		Materials and methods		Data compilation and handling

		The human protein atlas (HPA) databases

		Differential gene expression analysis

		Gene ontology (GO) and kyoto encyclopedia of genes and genomes (KEGG) analysis

		Establishment of immune risk score signature (IRSS) for prognosis

		Immune cell infiltration analysis

		Analyzing the relationships between clinicopathological data and the IRSS

		Verification of the IRSS





		Results		Differential gene expression analysis

		GO and KEGG analysis

		Construction and prognostic value of IRSS

		Associations between the IRSS and the clinicopathological characteristics of KIRC

		Correlations between immune infiltration and expression levels of PAEP, PI3, SAA2, SAA1, IL20RB, and IFI30

		Prognostic significance of IRSS

		Verification of IRSS using the TCGA-KIRP cohort





		Discussion

		Conclusion

		Data availability statement

		Author contributions

		Funding

		Publisher’s note

		Supplementary material

		References









OPS/images/cover.jpg
& frontiers | Frontiers in Genetics






OPS/images/math_qu2.gif
HRSS = BARFAEFO067 EAFFL 0020+ EAFSAAL T = 0.174
+ EXPSAAI"0.182 + EXPIL20RB* 0,038
+ EXPIFI30°0.346





OPS/images/fgene-14-1107294-g001.gif
1050 gresion i

rcsn vertaton

}{ s ot s

e e s Ll






OPS/images/fgene-14-1107294-g002.gif





OPS/images/math_qu1.gif
[EXPgenel”pl + EXPgene2’p2 + EXPgene3p3 +
+ EXPgenen*fn






OPS/images/fgene-14-1107294-t001.jpg
Characteristics Total(N)

Univariate analysis

Multivariate analysis

Hazard ratio (95% Cl) p-value Hazard ratio (95% Cl)
gender 526 ‘
MALE 346 Reference ‘
FEMALE 180 1077 (0.788-1471) 0.643 ‘
histologic_grade 526 2.305 (1.880-2.826) <0.001 1,325 (1.044-1.682) 0.021 ‘
pathologic_stage 526 1879 (1.647-2.144) <0.001 1584 (1.357-1.847) <0.001 ‘
age 526 1032 (1.018-1.045) <0.001 1,034 (1.020-1.049) <0.001 ‘
riskscore 526 9.062 (5.330-15.409) <0.001 3.334 (1.785-6.229) <0.001 ‘

Balded ik means siatistically algnificant:










OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers in Genetics





