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The mechanisms underlying the resistance to immune checkpoint inhibitors (ICIs) therapy in metastatic urothelial carcinoma (mUC) patients are not clear. It is of great significance to discern mUC patients who could benefit from ICI therapy in clinical practice. In this study, we performed machine learning method and selected 10 prognostic genes for constructing the immunotherapy response nomogram for mUC patients. The calibration plot suggested that the nomogram had an optimal agreement with actual observations when predicting the 1- and 1.5-year survival probabilities. The prognostic nomogram had a favorable discrimination of overall survival of mUC patients, with area under the curve values of 0.815, 0.752, and 0.805 for ICI response (ICIR) prediction in the training cohort, testing cohort, and combined cohort, respectively. A further decision curve analysis showed that the prognostic nomogram was superior to either mutation burden or neoantigen burden for overall survival prediction when the threshold probability was >0.35. The immune infiltrate analysis indicated that the low ICIR-Score values in mUC patients were significantly related to CD8+ T cell infiltration and immune checkpoint-associated signatures. We also identified differentially mutated genes, which could act as driver genes and regulate the response to ICI therapy. In conclusion, we developed and validated an immunotherapy-responsive nomogram for mUC patients, which could be conveniently used for the estimate of ICI response and the prediction of overall survival probability for mUC patients.
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INTRODUCTION

Urothelial carcinoma is one of the most aggressive malignancies, with an estimated 81,400 new cases and 17,980 deaths in the United States in 2020 (1). Up to 10–15% of initially diagnosed patients have metastatic urothelial carcinoma (mUC), with a 5-year survival possibility of 5% worldwide (2, 3). Currently, cisplatin-based combination chemotherapy is identified as the standard first-line therapy for mUC patients (4). However, more than 60% of mUC patients are not suitable for cisplatin treatment (5) due to their poor performance status or other comorbidities, including renal dysfunction, hearing loss, and heart failure (6). Hence, there remain tremendous practical demands for the development of optimal treatments for these patients.

Currently, developments in immune checkpoint inhibitor (ICI) therapy targeting programmed cell death 1 (PD-1) and PD-1 ligand (PD-L1) have revolutionized the management of mUC (3, 7). Compared with traditional chemotherapies, pembrolizumab, a PD-1 blockade drug, demonstrates robust antitumor activity and improves overall survival (OS) by almost 3 months in patients with advanced urothelial carcinoma (7). Unfortunately, only 20–30% of mUC patients achieve response to ICI therapy, and fewer patients could enjoy durable responses for more than 2 years (8). To date, the mechanisms underlying the resistance to ICI therapy in mUC patients are still not clear, suggesting the urgent clinical need for the identification of predictive biomarkers that could discern mUC patients who could benefit from ICI therapy.

Tumor mutational burden (TMB) (3) and DNA mismatch repair (DDR) (9) have been found to be related to the objective response to ICI therapy in mUC patients. However, limitations remain in the clinical application of TMB and DDR mutation status for mUC patients (10). The prognostic model reported by Guru Sonpavde et al. combined genomic and clinical factors to predict the response to anti-PD-1/PD-L1 therapy among 62 patients with advanced urothelial carcinoma (11), and the results also need further validation due to the limited sample size.

In this study, by performing machine learning and nomogram methods, we aimed to create a nomogram model to predict the ICI response and the OS of mUC patients treated with ICI therapy, which could aid in decision-making in clinical practice.



MATERIALS AND METHODS


Patients and RNA Sequencing Data

IMvigor 210 trial was a clinical study (12) exploring the antitumor activity of the PD-L1 inhibitor atezolizumab in patients with mUC. The clinicopathological and the processed gene expression data of 348 mUC patients in IMvigor210 were retrieved from IMvigor210CoreBiologies, a free data resource based on the R environment (13). The baseline characteristics of the mUC patients included sex, race, and tobacco use history; metastatic sites: lymph node (LN) only, visceral, liver, and others; intravesical therapy (BCG) and chemotherapy (platinum); ICI therapy results: complete response (CR), partial response (PR), stable disease (SD), and progressive disease (PD); OS status; and immunotherapy indicators: PD-L1 expression level in immune cells (ICs), tumor cells (TCs), mutation burden per million base pair (Mb), and neoantigen burden per Mb.

The inclusion criteria were as follows: patients with mUC who were platinum refractory or cisplatin-ineligible and treated with atezolizumab, patients with sufficient therapy results (CR, PR, SD, or PD) and follow-up information, and patients with transcriptome RNA sequencing (RNA-seq) data. Patients with missing information on therapy results or survival data were excluded. Finally, 298 patients who met the abovementioned criteria were included and randomly assigned into a training cohort (200 patients) and a testing cohort (98 patients) for the following analyses.

A total of 134 patients with stage IV bladder cancer were also retrieved from The Cancer Genome Atlas (TCGA), as well as their clinical, RNA-seq, and somatic variant data for verification analysis.



Prognostic Nomogram Model Establishment

The RNA-seq data were log2-transformed before further analysis. Genes with very low expression levels were further filtered out. We used the limma package in the R environment to identify differentially expressed genes (DEGs) between ICI response and nonresponse patients with a p value < 0.05 and |fold change| >1.5. The ICI response patients were defined as mUC patients with CR or PR results after receiving the PD-L1 inhibitor atezolizumab, while the patients with SD or PD results were defined as ICI nonresponse patients. The most useful genes for OS prediction were selected from the top 20 upregulated DEGs and the top 20 downregulated DEGs via the least absolute shrinkage and selection operator (LASSO) method (14) in the training cohort using the glmnet package in R. A prognostic nomogram model was then established based on the selected predictive genes via the rms and nomogramEx packages of R in the training cohort.



Evolution of the Prognostic Nomogram Model

Calibration with bootstrapping was conducted to verify the nomogram-predicted probabilities of 1- and 1.5-year OS by plotting these on the x-axis, with the actual OS plotted on the y-axis. The receiver operating characteristic (ROC) curve was performed to assess the specificity and the sensitivity of the nomogram through the area under the curve (AUC) value. The Kaplan–Meier (KM) curves of OS were compared between the low ICI response score (ICIR-Score) group and the high ICIR-Score group based on the log-rank test. Univariate and multivariate Cox regression analyses were also conducted to determine whether the ICIR-Score was an independent prognostic factor of OS. We also performed decision curve analysis (15) to compare the clinical usefulness of the nomogram, mutation burden (per Mb), and neoantigen burden (per Mb) by quantifying the net benefits at different threshold probabilities though the rmda package in R.



Immune Infiltrates and Potential Mechanism Analysis

We estimated the abundances of 22 types of ICs by using CIBERSORT (16). The infiltration scores of the mUC patients were estimated by an immune cell abundance identifier (17). The immunophenoscore based on the expression of major immunocompetence determinants was directly obtained from The Cancer Immunome Atlas for predicting the clinical benefits of tumor immunotherapy (18).

Immune infiltration-related Gene Ontology (GO) biological process and Kyoto Encyclopedia of Genes and Genomes (KEGG) gene sets were enriched via gene set enrichment analysis (GSEA) (19). We also performed somatic variant analysis to detect differentially mutated genes associated with the ICI response via the maftools package (20).



Statistical Analysis

Continuous variables were compared by a two-tailed Student's t-test or a one-way analysis of variance. Pearson's chi-square test was used to analyze categorical variables. Statistical Package for Social Sciences 24.0 software (SPSS Inc., Chicago, IL, USA) and R were used for statistical analysis. A P-value < 0.05 was regarded as significant.




RESULTS


Clinical Characteristics

The baseline clinical characteristics of the training and the testing cohorts are shown in Table 1. Except for the tumor metastasis sites, there was no significant difference in the other medical traits between the two cohorts, which indicated the good performance of the random assignment of mUC patients to the training and the testing cohorts. The baseline clinical characteristics of the TCGA cohort are shown in Table S1.


Table 1. Baseline characteristics of mUC patients in the training cohort and the testing cohort.
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Identification of DEGs and Key Prognostic Genes

Using the limma package in the R environment, we identified 457 DEGs between ICI response (CR and PR) and nonresponse (SD and PD) patients, with a cutoff p-value of < 0.05 and |fold change| value over 1.5. Among the 457 DEGs, the top 20 upregulated DEGs and the top 20 downregulated DEGs, which were significantly highly correlated with ICI responsiveness, were further used to identify the most prognostic genes for OS prediction via the LASSO Cox regression method in the training cohort (Table S2). As shown in Figure 1A, the first vertical line pointed at 10, which equaled the minimum 10-fold cross-validated error. After calculating the active coefficients in Figure 1B, 10 key prognostic genes were selected by the LASSO Cox regression model. A further univariate Cox regression analysis was performed and identified that the 10 selected genes were significantly associated with OS in mUC patients receiving ICI therapy (Table 2). Finally, 10 prognostic genes, including six OS-favorable genes (CDH18, CXCL10, FOXN4, SLC6A4, CXCL9, and PCDH11X) and four OS-detrimental genes (ITIH2, BNC1, DAPL1, and FGB) from the training cohort, were used for further analysis.


[image: Figure 1]
FIGURE 1. Gene selection via the least absolute shrinkage and selection operator (LASSO) Cox regression model and establishment of the prognostic nomogram model in the training cohort. (A) Tenfold cross-validated error. The first vertical line equals the minimum error, whereas the second vertical line shows the cross-validated error within one standard error of the minimum. (B) The profile of coefficients in the model at varying levels of penalization plotted against the log (lambda) sequence. (C) Nomogram based on selected prognostic genes for the 1- and 1.5-year overall survival predictions in the training cohort. One-year survival probability = 7.9e-08* total points3−6.1263e-05 * total points2 + 0.010410469 * total points + 0.388686628; 1.5-year survival probability = 1.45e-07 * total points3−9.7482e-05 * total points2 + 0.016297495 * total points + 0.019957873.



Table 2. Univariate Cox regression analyses of 10 genes selected via LASSO analysis based on overall survival in the training cohort.
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Development and Evaluation of the Prognostic Nomogram

The prognostic nomogram for predicting the OS of mUC patients treated with ICI therapy was constructed based on the 10 selected genes in the training cohort. As shown in Figure 1C, each of the 10 selected genes contributed to the total points in the nomogram developed by using the rms and the nomogramEx packages of R. The total point, which was also called the ICIR-Score, was then acquired by adding the individual points together to predict the 1- and 1.5-year survival probabilities of mUC patients.

The calibration plot revealed that the 1- and 1.5-year survival probabilities predicted by our nomogram model had an excellent agreement with the actual observations (Figures 2A,D), indicating that the nomogram had a good ability to accurately predict the survival status of mUC patients treated with ICIs. Less accuracy was found in the testing cohort (Figures 2B,E), which might be due to the small sample size of the testing cohort. The survival probability predicted by the nomogram had an excellent agreement with the actual observations in the combined cohort (Figures 2C,F). A subsequent ROC analysis revealed that our prognostic nomogram had favorable discrimination, with an AUC value of 0.815 (95% confidence interval: 0.754–0.867, P < 0.0001) for ICI response prediction in the training cohort (Figure 2G). Validation of the prognostic nomogram was performed in the testing cohort and the combined cohort, with AUC values of 0.752 (95% confidence interval: 0.654–0.834, P < 0.0001) and 0.805 (95% confidence interval: 0.755–0.848, P < 0.0001), respectively (Figures 2H,I), indicating the good prognostic ability of the nomogram for clinical use.


[image: Figure 2]
FIGURE 2. Evaluation of the prognostic nomogram model in the training cohort, testing cohort, and combined cohort. Validity of the predictive performance of the nomogram in the training cohort (A,D), testing cohort (B,E), and combined cohort (C,F). Nomogram-predicted probabilities of 1- and 1.5-year overall survival are plotted on the x-axis; actual overall survival is plotted on the y-axis. ROC curve evaluating the prognostic accuracy of ICI response prediction by nomogram score in the training cohort (G), testing cohort (H), and combined cohort (I). Kaplan–Meier curves of the training cohort (J), testing cohort (K), and combined cohort (L). The median scores of the nomogram in two cohorts were defined as the cutoff value for the high-score and the low-score group, respectively. ROC, receiver operator characteristic; AUC, area under the curve; ICI, immune checkpoint inhibitor.


According to the KM survival analysis, our prognostic nomogram model was able to discriminate patients with poor prognosis from patients with favorable prognosis in both the training and the testing cohorts. The hazard ratios (HRs) of the high- and low-score groups were 3.51 (95% confidence interval: 2.44–5.05, P < 0.0001) in the training cohort, 3.11 (95% confidence interval: 1.84–5.26, P = 0.002) in the testing cohort, and 3.48 (95% confidence interval: 2.58–4.69, P < 0.0001) in the combined cohort (Figures 2J–L). Univariate and multivariate Cox regression analyses in the training cohort indicated that our prognostic ICIR-Score could serve as a predictor of OS in mUC patients, independent of other characteristics (Table 3).


Table 3. Univariate and multivariate Cox regression analyses of mUC patients based on nomogram score and other characteristics in the training cohort.
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A further decision curve analysis showed that, when the threshold probability was >0.35, using the prognostic nomogram for OS prediction showed more benefits than either mutation burden or neoantigen burden (Figure 3).


[image: Figure 3]
FIGURE 3. Decision curve analysis comparing overall survival benefits among the nomogram, mutation burden (per MB), and neoantigen burden (per MB). Black line: all victims were dead. Gray line: none of the victims was dead.




Low ICIR-Score Values in mUC Patients Were Associated With CD8+ T Cell Infiltration and the Immune-Checkpoint-Associated Signature

As shown in Figure 4A, different abundances of ICs were identified between mUC patients with low and high ICIR-Score values. For example, mUC patients with low ICIR-Score values had higher abundances of activated CD8+ T cells, M1 macrophages, and follicular helper T cells. In addition, the low ICIR-Score values in mUC patients were associated with higher expression levels of some chemokines (Figure 4B), including CXCL9 and CXCL10, which have been proven to attract dendritic cells and CD8+ T cells (21). In addition, the higher expression levels of MHC molecules and co-inhibitors were also found to be associated with low ICIR-Score values. Correlation analyses indicated that the mRNA expression levels of ICIs, including CD274 (PD-L1), PDCD1 (PD-1), CTLA-4, LAG-3, and TIM-3 (HAVCR2), were inversely correlated with the ICIR-Score (Figure 4C).
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FIGURE 4. Immune infiltrates and potential mechanism analyses of mUC patients with low ICIR-Score. (A) Heatmap and bar graph illustrating the different abundance of 22 immune cell types based on CIBERSORT between mUC patients with high ICIR-Score and low ICIR-Score. (B) Expression levels of chemokines, interleukins, interferons, MHC molecules, co-stimulators, co-inhibitors, and other important cytokines and their receptors in mUC patients with low ICIR-Score relative those with high ICIR-Score, shown as log2(fold change) of expression value of the respective mRNA. (C) Correlation analyses of ICIR-Score and expression levels of immune checkpoint inhibitors in mUC patients. (D,E) Gene Ontology and Kyoto Encyclopedia of Genes and Genomes analyses of the differentially expressed genes for mUC patients with low ICIR-Score values using gene set enrichment analysis. (F) Comparison of infiltration score of mUC patients between high ICIR-Score group and low ICIR-Score group. mUC, metastatic urothelial cancer; ICIR-Score, immune checkpoint inhibitor response score.


GSEA revealed that low ICIR-Score values were significantly associated with several immune infiltration-related biological processes, including the T cell receptor signaling pathway, antigen processing and presentation via MHC II, immune response regulating the cell surface receptor signaling pathway, and antigen receptor-mediated signaling pathway (Figures 4D,E). A further analysis revealed that, compared with patients in the high ICIR-Score group, the mUC patients in the low-ICIR-Score group were statistically associated with a higher infiltration score (Figure 4F), which might account for the probable sensitivity to ICI therapy.

The mutation landscapes of mUC patients with high ICIR-Score values and low ICIR-Score values are shown in Figure 5A. Differentially mutated genes, including EIF4G1, CNTNAP2, SCAF4, MBD6, ITGA4, AUTS2, COL6A6, MYCBP2, DST, NUP107, and MYH9 in the low-ICIR-Score group and RXRA in the high-ICIR-Score group (Figure 5B), might act as driver genes and result in differential responses to ICI therapy in mUC. Higher infiltration scores and immunophenoscores were also identified in mUC patients with low ICIR-Score values in the TCGA cohort (Figure 5C).


[image: Figure 5]
FIGURE 5. Mutation analysis of mUC patients in The Cancer Genome Atlas cohort. (A) Mutation landscape of mUC patients with high ICIR-Score and low ICIR-Score. (B) Mutation plot detecting differentially mutated genes between mUC patients in the high ICIR-Score group and the low ICIR-Score group. (C) Comparison of infiltration score and immunophenoscore of mUC patients between the high ICIR-Score group and the low ICIR-Score group. mUC, metastatic urothelial cancer; ICIR-Score, immune checkpoint inhibitor response score.





DISCUSSION

In this study, we designed and validated a gene signature-based nomogram that was associated with ICI response and could predict the OS of mUC patients treated with ICI therapy. Bic-NaSong et al. identified an immunotherapy-responsive molecular subtype of bladder cancer based on a cluster of 1,627 genes, in which a class 3 cluster was reported to be associated with ICI response because of their high rates of alterations in DDR genes and somatic mutations (22). In this study, our prognostic nomogram comprises only 10 prognostic genes, including six OS-favorable genes and four OS-detrimental genes. Among them, CDH18, CXCL10, FOXN4, SLC6A4, CXCL9, and PCDH11X are highly associated with ICI response in patients with mUC.

The mUC patients with clinical benefits from ICI therapy were successfully stratified by the prognostic nomogram in both the training cohort and the testing cohort, with HR values of 3.51 and 3.11, respectively, which facilitated the preoperative individualized prediction of ICI response. Accurate predictions of the 1- and 1.5-year survival probabilities of ICI-treated mUC patients were also observed in this study, indicating the good ability of the prognostic nomogram for OS prediction.

ICI response status is a vital clinical factor for patients receiving anti-PD-1/PD-L1 treatment. In a multicenter clinical trial, the objective response rate of cisplatin-ineligible mUC patients treated with pembrolizumab was 24% (23). The objective response rate to another ICI, atezolizumab, was 23%, and the complete response rate was only 9% (3). Our prognostic nomogram performed well in accurately predicting ICI response in mUC patients, with AUC values up to 0.815 in the training cohort, which indicated a good performance for clinical practice.

A further decision curve analysis showed that, when the threshold probability was >0.35, the prognostic nomogram for OS prediction could add more benefit than either mutation burden or neoantigen burden. TMB has been reported to be a significant predictor for the treatment response to ICIs in urothelial cancer in various studies (3, 13, 22). However, high TMB in mUC patients is not sufficient to predict ICI response (9). In addition, whole-exome sequencing for calculating TMB is expensive, which impedes its widespread use in clinical practice (24). Incorporating only 10 genes, our prognostic nomogram seems to be more cost-effective and time-saving in clinical application.

The low ICIR-Score values in mUC patients were found to be associated with CD8+ T cell infiltration, conforming to the T cell activation-related biological processes and pathways, which include the T cell receptor signaling pathway and antigen processing and presentation via MHC II.

There are also some notable limitations in our study. First, experimental validation was not performed in this study. The genes used in the nomogram were measured by RNA-seq, which still needs further verification by molecular biology. Second, since this study is a retrospective analysis with data retrieved from IMvigor210CoreBiologies (13), the baseline characteristics of the mUC patients were incomplete. For example, we failed to obtain information about the dose and the schedule of ICIs from IMvigor210CoreBiologies. Third, some potential medical traits, including physical condition and nutritional status, were neglected. Despite these limitations, this study is the largest cohort study of a prognostic nomogram based on gene signatures for ICI efficacy and OS prediction in patients with mUC. Independent of the pathological stage, our prognostic nomogram could help clinicians make more accurate ICI therapy decisions in clinical practice.

In conclusion, based on the 10 prognostic genes associated with ICI therapy, we developed and validated an immunotherapy response nomogram for mUC patients. The prognostic nomogram model has the potential to facilitate the estimation of ICI response and the prediction of OS in patients with mUC, even though experimental validation and prospective validation studies are still needed.
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node; ICs level, PD-L1 expression level on immune cells; TCs level, PD-L1 expression
level on tumor cells.
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confidence interval.
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