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Background

Bladder cancer (BCa) is a common malignancy of the urinary tract. Due to the high heterogeneity of BCa, patients have poor prognosis and treatment outcomes. Immunotherapy has changed the clinical treatment landscape for many advanced malignancies, opening new avenues for the precise treatment of malignancies. However, effective predictors and models to guide clinical treatment and predict immunotherapeutic outcomes are still lacking.





Methods

We downloaded BCa sample data from The Cancer Genome Atlas to identify anti-PD-L1 immunotherapy-related genes through an immunotherapy dataset and used machine learning algorithms to build a new PD-L1 multidimensional regulatory index (PMRI) based on these genes. PMRI-related column-line graphs were constructed to provide quantitative tools for clinical practice. We analyzed the clinical characteristics, tumor immune microenvironment, chemotherapy response, and immunotherapy response of patients based on PMRI system. Further, we performed function validation of classical PMRI genes and their correlation with PD-L1 in BCa cells and screening of potential small-molecule drugs targeting PMRI core target proteins through molecular docking.





Results

PMRI, which consists of four anti-PD-L1 immunotherapy-associated genes (IGF2BP3, P4HB, RAC3, and CLK2), is a reliable predictor of survival in patients with BCa and has been validated using multiple external datasets. We found higher levels of immune cell infiltration and better responses to immunotherapy and cisplatin chemotherapy in the high PMRI group than in the low PMRI group, which can also be used to predict immune efficacy in a variety of solid tumors other than BCa. Knockdown of IGF2BP3 inhibited BCa cell proliferation and migration, and IGF2BP3 was positively correlated with PD-L1 expression. We performed molecular docking prediction for each of the core proteins comprising PMRI and identified 16 small-molecule drugs with the highest affinity to the target proteins.





Conclusions

Our PD-L1 multidimensional expression regulation model based on anti-PD-L1 immunotherapy-related genes can accurately assess the prognosis of patients with BCa and identify patient populations that will benefit from immunotherapy, providing a new tool for the clinical management of intermediate and advanced BCa.
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Background

Bladder cancer (BCa) is the tenth most common malignancy worldwide and has the sixth highest incidence in men, with approximately 573,000 new cases and 213,000 cancer-related deaths annually worldwide (1). Patients with muscle-invasive bladder cancer (MIBC) have a poor prognosis, with an overall five-year survival rate of 40–50%. For patients with limited MIBC, neoadjuvant chemotherapy combined with radical cystectomy is the primary treatment modality, whereas only palliative systemic chemotherapy or immunotherapy is used for metastatic BCa (2). BCa is considered an immunotherapy-responsive tumor, immune checkpoint inhibition therapy targeting the immunosuppressive microenvironment has revolutionized cancer treatment (3). However, only a fraction of patients has experienced lasting benefits from immune checkpoint inhibitors, limiting the use of these promising strategies in clinical practice (3, 4). Therefore, there is an urgent need to identify reliable molecular biomarkers to predict the response to checkpoint blockade and improve the clinical efficacy of these therapies.

Research on potential biomarkers for BCa immunotherapy has focused on two aspects, (i) tumor cell-related markers, such as intratumoral heterogeneity (ITH), tumor mutational burden (TMB), intrinsic molecular subtypes (IMS), DNA damage repair (DDR), intrinsic molecular subtypes, gene expression profile (GEP); (ii) tumor microenvironment-related markers, such as tumor-infiltrating lymphocytes (TIL), intrinsic molecular subtypes (IMS), GEP. Damage response (DDR), intrinsic molecular isoforms, GEP. (iii) Markers related to tumor microenvironment, such as tumor infiltrating lymphocyte (tumor-infiltrating lymphocyte TIL), programmed cell death protein (PD-1/PD-L1), gastrointestinal microbiota (5, 6). However, owing to the high heterogeneity of BCa, there is currently no biomarker with sufficient clinical evidence to justify its routine use. Therefore, there is a need to understand the role of immunotherapy in BCa based on immunotherapy-related genes and to identify reliable features to predict the prognosis of patients with BCa and their response to immunotherapy and chemotherapy.

The expression of programmed cell death ligand 1 (PD-L1), an important immunosuppressive protein on the surface of tumor cells, is regulated at multiple levels, including genomic alterations (amplification or translocation), epigenetic modifications (methylation of histones or CpG islands and histone acetylation), transcriptional regulation (inflammatory stimulation and oncogenic signaling), post-transcriptional regulation (miRNA, 3’-UTR, RAS and angiotensin II status regulation), post-translational modifications (ubiquitination, glycosylation, phosphorylation and palmitoylation) (7). The pathways, proteins, and cytokines involved in the regulation of PD-L1 expression are complex and diverse; however, all of these regulatory pathways could be novel ways to treat tumors. In the past few years, ICIs blocking the PD-1/PD-L1 pathway have emerged as therapeutic approaches that can improve the overall survival of patients with mUC, but they are effective with PD-L1 inhibitor therapy only in some patients. Consequently, it is of great clinical significance to investigate the regulatory mechanisms of PD-L1 expression in depth (3). Notably, clinical prediction models constructed to integrate the regulatory mechanisms of PD-L1 expression are lacking. Therefore, exploring PD-L1 expression regulation models can help predict the efficacy of anti-PD-1/PD-L1 immunotherapy in patients with BCa to help them choose the treatment strategies.

In current study,we identified four genes that regulate PD-L1 expression in different dimensions based on the screening of immunotherapy-related genes from an immunotherapy dataset and combined them with machine learning methods to construct a therapeutically guided PD-L1 Multidimensional Regulation Index (PMRI). The different forms of validation all suggest that the PD-L1 multidimensional expression regulation model can accurately assess the prognosis of patients with BCa and identify possible patient populations benefiting from immunotherapy and chemotherapy.





Materials and methods




Obtaining sequence data from BCa patients and identifying anti-PD-L1 immunotherapy-related genes

We downloaded expression profile data, corresponding clinical information and pathological sections from The Cancer Genome Atlas (TCGA) (https://portal.gdc.cancer.gov/) database for BCa patients, and raw RNA-seq data were normalized to fragments per kilobase million (FPKM). The GSE13507, GSE32894, GSE31684 and GSE48075 cohorts were obtained from the Gene Expression Omnibus (GEO) (https://cancergenome.nih.gov/) database. We also downloaded the IMvigor210 immunotherapy data cohort, a group of expression profile data and corresponding clinical information for patients treated with anti-PD-L1 antibody (atezolizumab) for uroepithelial carcinoma (8). After receiving anti-PD-L1 antibody immunotherapy, patients were classified into the following four categories based on response: complete remission (CR), partial remission (PR), stable disease (SD), and progressive disease (PD), and we set CR and PR in the IMvigor210 dataset as the group responding to PD-L1 blockers and SD and PD as the group not responding to PD-L1 blockers. Genes differentially expressed in response to anti-PD-L1 immunotherapy were identified by comparing the response and non-response groups by the R package “DESeq2” at a threshold (p-value < 0.05), after which we used WGCNA to obtain the module with the highest correlation to the CR group and thus the anti-PD-L1 immunotherapy-related genes.





Unsupervised clustering

Based on the red module genes obtained from the above WGCNA, we performed consensus clustering using the R package “ConsensusClusterPlus” to identify BCa subtypes (9).





Construction and validation of PD-L1 multidimensional regulatory index and histological validation at the protein level

We performed differential expression analysis of the modular genes with the highest correlation with the CR group between tumor and normal tissues with a threshold of logFC > 1 and fdr < 0.01. Genes associated with prognosis in BCa patients were subsequently screened by univariate cox regression analysis with a threshold of p-value < 0.005, and finally multifactorial cox regression analysis was used to construct a PD-L1 multidimensional regulatory index (PMRI). PMRI was obtained for each BCa patient according to the following formula: PD-L1 multidimensional regulatory index (PMRI) = Coef(Gene1) × Expr(Gene1) + Coef(Gene2) × Expr(Gene2) +…… + Coef(Gene n) × Expr(Gene n). Where Expr(Gene n) represents the expression of a particular gene and Coef(Gene n) represents the coefficient obtained from multifactorial Cox analysis of genes. GSE13507, GSE32894, GSE31684 and GSE48075 cohorts were eliminated for batch effects and combined as an external validation cohort.

Based on Kaplan-Meier method and subject operating characteristic curve (ROC) to study TCGA cohort and GSE13507, GSE32894, GSE31684, and GSE48075 cohorts to validate the prognostic value of PMRI. We combined the commonly used clinicopathological features to construct column line plots and compared the validity of the column line plots by plotting 1-, 3-, and 5-year calibration curves as well as ROC curves. We further searched the Human Protein Atlas database (https://www.proteinatlas.org/) (10) to obtain histological validation of CLK2, IGF2BP3, P4HB and RAC3 at the protein level between bladder tumor tissue and normal bladder tissue.





Gene set enrichment analysis and immuno-infiltration analysis

GSEA was performed by the R package “clusterProfiler” to evaluate the major enrichment pathways in the high-risk group, and the HALLMARK, c5GO and c2KEGG gene sets were set as the enriched gene sets with the screening conditions of |NES| > 1, nominal p-value<0.05. The sample replacement test was performed 1000 times, so gene sets were obtained from the MSigDb database (https://www.gsea-msigdb.org/gsea/msigdb/) download.

Tumor purity, stromal score, immune score and ESTIMATE score (10) were calculated for each BCa patient using the “ESTIMATE” package in the R program. A single sample gene set enrichment analysis (ssGSEA) algorithm was also used to study the level of immune infiltration based on different immune cell types between the high PMRI and low PMRI groups. Lymphocyte scores in pathological sections were graded using a semi-quantitative scoring system (0-5) to describe tumor inflammation.





Analysis of drug treatment response and immunotherapy response

We derived IC50 by ProPhetic algorithm to assess drug response to common chemotherapy treatments for BCa, comparing drug sensitivity to chemotherapy treatments in patients with high and low PMRI. We also downloaded gene expression of cancer cells to different drugs from Genomics For Drug Sensitivity in Cancer (GDSC) database (https://www.cancerrxgene.org/) (11) and the Cancer Treatment Response Portal (CTRP) database (https://portals.broadinstitute.org/ctrp/) (12) to download the gene expression data of cancer cells to different drugs to analyze the gene expression of CLK2, IGF2BP3, P4HB and RAC3 in relation to drug sensitivity.

The response of BCa patients to immunotherapy was assessed by the Tumor Immune Dysfunction and Exclusion (TIDE) algorithm score in the TIDE database (http://tide.dfci.harvard.edu/) (13), and the immune escape potential between high and low PMRI groups was investigated using the Wilcoxon trial (TIDE score), with high TIDE scores often associated with poorer immunotherapy response and stronger immune escape potential. We also extracted clinical information from the IMvigor210 dataset (atezolizumab) to assess the analysis of differences between anti-PD-L1 immunotherapy groups (responders or non-responders) between high/low PMRI (8). These results were used to assess the predictive value of PMRI on the effect of immune checkpoint therapy.





Molecular docking simulation

We used MOE software to screen small molecule drugs that bind to the target proteins and perform molecular docking simulations. We downloaded the protein structures of the target targets (CLK2-6KHE, IGF2BP3-6GX6, P4HB-7ZSC and RAC3-2QME) from the PDB database and small molecule drugs were obtained from the zinc15 database of FDA approved drugs and subjected to energy minimization. We set LigX to 7 at pH and 300 K to optimize the protonation state and hydrogen orientation of the protein, and finally simulated the binding pose of IGF2BP3, RAC3, CLK2 and P4HB to small molecule drugs by docking.





Cell culture

We purchased and used human BCa cell lines T24 and UM-UC3 from the Shanghai Cell Bank of the Chinese Academy of Sciences. T24 and UM-UC3 cells were cultured in medium containing 5% fetal bovine serum against the wall. Cells were cultured at 37°C with 5% CO2.





Small interfering RNA transfection

The purchased siRNA was transfected with lipo3000. T24 and UM-UC3 cells were pre-plated into 6-well cell culture plates and transfected when cell fusion reached about 70%. First, 7.5 μL of 20 μM siRNA solution and 125 μL of serum-free medium were mixed well and incubated for 5 min at room temperature; 7.5 μL of Lipo3000 and 125 μL of serum-free medium were mixed well and incubated for 5 min at room temperature. The two solutions were then mixed together and incubated for 15 min. Finally, the mixture was added to the cells and the 6-well plate was shaken gently in an “8” motion to mix the transfection solution into the medium. The cells were incubated for 48 hours and then analyzed for transfection efficiency. IGF2BP3-specific siRNA sequences are: si-IGF2BP3#1, 5’-GCTGGAGCTTCAATTAAGA-3’; si-IGF2BP3#2, 5’-CCTTGAAAGTAGCCTATAT-3’.





Protein blotting

Total cell lysates were extracted, normalized and attenuated for electrophoresis. Proteins were separated by SDS-PAGE and transferred to PVDF membranes. The membranes were then blocked in 3% bovine serum albumin at room temperature, incubated overnight with primary antibody, and then incubated with secondary antibody.





RNA extraction and real-time PCR

A total of 14 BCa specimens were collected at the First Hospital of China Medical University (Shenyang, China), and all samples were rapidly frozen at -80°C immediately after collection. total RNA was prepared from 14 BCa tissues by Trizol reagent (Invitrogen) and reverse transcribed in PrimeScript RT premix (Takara). The primer sequences for IGF2BP3 and PD-L1 primer sequences are shown in Supplementary Table S1.





Cell Counting Kit-8 cell activity assay and EdU cell proliferation assay

CCK8 and EdU were used to detect cell viability. The digested cells were washed and resuspended and then counted using a cell counting plate, and the counts were averaged three times. T24 and UM-UC3 cells transfected with si-IGF2BP3 were spread in 96-well plates, after which 2000 cells were inoculated into each well, and 6 replicate wells were set up for each group, and five groups of 0h, 24h, 48h, 72h and 96h were set up. At 0h, 24h, 48h, 72h and 96h, 10 μl of CCK8 solution was added to each well and mixed thoroughly with a pipette gun, followed by incubation in a tinfoil-wrapped light-proof treatment in an incubator at 37°C for 4 h. The absorbance values of each well at 450 nm were measured and counted under light-proof conditions using a multi-mode enzyme marker. The si-IGF2BP3-transfected T24 and UM-UC3 cells were inoculated in 24-well plates, and each well was incubated with EdU medium for 2 h. The cells were washed twice with PBS. Cell fixation solution (PBS containing 4% paraformaldehyde) was added to each well and fixed at room temperature for 30 min, after which the glycine decolorization shaker was added and incubated for 5 min before discarding the glycine solution and adding 100 μl of permeant decolorization shaker with slow shaking permeation. After that, staining reaction solution was added to each well under light-proof treatment. Images were examined using fluorescence microscopy. Each experiment was repeated three times.





Cell migration capacity assay

Wound-healing and Transwell assays were performed to determine cell invasion ability. Parallel lines were drawn on the bottom surface of six-well plates using marker pens, T24 and UM-UC3 cells were resuspended and the plates were spread, and the next day a straightedge was used to create scratches than using a 10 μl gun tip with the direction of the scratch perpendicular to the marker line, after which the cells were washed 3 times with PBS to wash away the floating cells, and after 72 h the cells were removed and photographed under a microscope. Transfected T24 and UM-UC3 cells were collected and starved in serum-free medium for 4h to remove the effect of serum. The cells were digested with trypsin and resuspended in serum-free incomplete medium, followed by the addition of the above cell suspension in the upper chamber of the Transwell and complete medium containing 10% fetal bovine serum in the lower chamber for 48 h. The Transwell was washed three times with PBS, and the cells adhering to the lower membrane were fixed with 4% paraformaldehyde and stained with crystal violet. Each experiment was repeated three times.





Statistical analysis

Survival curves were plotted using the Kaplan-Meier method to compare survival differences between the two groups Correlations were assessed using Spearman correlation analysis. P-values ≤0.05 were considered statistically significant. All statistical analyses were performed by R. Experimental data were processed and plotted using Image J and GraphPad software. The workflow of this study is shown in Supplementary Figure S1.






Results




Identification of anti-PD-L1 immunotherapy-related genes in BCa

We performed a difference analysis of the IMvigor210 dataset between the groups responding to PD-L1 blockers (CR and PR groups) and those non-responding to PD-L1 blockers (SD and PD groups) with a threshold of p-value less than 0.05, and obtained 3301 genes and constructed a volcano plot (Figure 1A). To identify the modules with the highest correlation with the complete response group (CR group), we applied WGCNA to the TCGA-BLCA dataset to construct a co-expression network and finally aggregated the 3301 genes obtained above into 6 modules (Figure 1B) with an optimal soft threshold of 4 to ensure a scale-free topology (Figure 1C). The correlations between the module feature genes and multiple variables were obtained by calculating the Pearson correlation coefficient (PCC), where the red module was significantly positively correlated with the CR composition (PCC=0.25, P=2E-06) (Figure 1D). We then performed GO and KEGG enrichment analysis of the genes in the red module, and the results showed that they are mainly involved in the cell cycle, DNA replication, and the pathway of DNA unwinding helicase activity (Figure 1E).




Figure 1 | Identification of anti-PD-L1 immunotherapy-related genes in BCa. (A) Volcano plot of anti-PD-L1 blocker antibodies (CR and PR groups) versus anti-PD-L1 antibody non-responsive groups (SD and PD groups) for differential analysis. (B) Cluster dendrogram of 3301 genes with significant differences. (C) Selection of optimal soft threshold power over a wide range. (D) Tabular cells showing Pearson correlation coefficients with p-values between modular feature genes and multiple variables. (E) GO enrichment analysis and KEGG enrichment analysis of the red module genes.







Identification of anti-PD-L1 immunotherapy-associated Clusters and differences in immune microenvironment and immunotherapy response among different Clusters

We performed a cluster analysis of BCa patients in the TCGA cohort using the red module genes obtained after WGCNA analysis, and the results showed that the BCa patients in the TCGA cohort could be well divided into two clusters, and there was good internal stability and consistency between the two clusters (Supplementary Figure S2A). Kaplan-Meier curves showed that patients in Cluster1 group had significantly worse prognosis than Cluster2 group (p < 0.05) (Supplementary Figure S2B). Comparison of the differences in immune microenvironment between the two Clusters by the ESITIMATE algorithm showed that Cluster 2 had a higher ESITIMATE score, immune score, stromal score and lower tumor purity compared to Cluster 1 (Supplementary Figure S2C). The CIBERSORT algorithm showed a significant difference in immune cell infiltration between the two Clusters. Significantly different, with a significantly higher proportion of CD8 T cells in Cluster 2 than in Cluster 1 (p < 0.05) (Supplementary Figure S2D).





Construction and validation of PD-L1 multidimensional regulatory index

We performed differential and prognostic analyses on the red module genes obtained from the WGCNA analysis, after which in order to construct a risk model associated with PD-L1 immunotherapy and its derived PD-L1 multidimensional regulatory index (PMRI), we used multifactorial Cox analysis to screen four genes with independent prognostic value to construct the PMRI, which were IGF2BP3 (HR= 1.225, 95% CI=1.026-1.463, P=0.025), P4HB (HR=1.573, 95% CI=1.170-2.113, P=0.003), RAC3 (HR=1.256, 95% CI=1.054-1.496, P=0.011) and CLK2 (HR=0.614, 95% CI=0.456-0.825, P=0.001)(The coefficients obtained from the multifactorial Cox analysis of the four genes in PMRI were 0.203 for IGF2BP3, 0.453 for P4HB, 0.228 for RAC3 and -0.488 for CLK2 (Figures 2A, B). We compared the expression levels of IGF2BP3, P4HB, RAC3 and CLK2 in TCGA BCa tissues and normal tissues, and the results showed that all four genes were significantly upregulated in tumor tissues (Figure 2C). We also obtained immunohistochemical staining results of CLK2, IGF2BP3, P4HB and RAC3 from the HPA database in normal and BCa tissues, demonstrating that these four genes were highly expressed in BCa tissues (Figure 2D).




Figure 2 | Construction of PD-L1 multidimensional regulatory index and validation of immunohistochemical staining results. (A) Forest plots of four PMRIs obtained by multifactorial Cox analysis. (B) Constructed histograms of four gene coefficients composed of PMRI. (C) Comparison of the expression levels of IGF2BP3, P4HB, RAC3 and CLK2 in TCGA BCa tissues and normal tissues. (D) Immunohistochemical staining results of CLK2, IGF2BP3, P4HB and RAC3 in normal and BCa tissues. *p < 0.05, **p < 0.01, ***p < 0.001.







PD-L1 multidimensional modulation index predicts the prognosis of BCa patients

Kaplan-Meier curves showed that the high PMRI group had a worse prognosis in the OS phase compared to the low PMRI group (p < 0.05) (Figure 3A). To assess the prognostic predictive validity of PMRI, we obtained the GSE13507, GSE32894, GSE31684, and GSE48075 cohorts as a validation cohort, and the results showed that the mortality rate was significantly higher in the high-PMRI group than in the low-PMRI group (p < 0.05), suggesting that PMRI has a better prognostic predictive value at OS stage (Figure 3B). The results by univariate and multivariate regression analysis showed that PMRI was an independent risk factor (Figures 3C, D). We also performed a difference analysis of different common clinical characteristics in the high/low PMRI group, and the results showed that Cluster, grading and BCa subtypes were significantly different in the high/low PMRI group (p < 0.05) (Figure 3E). Analysis of PMRI index and clinical trait stratified survival curves showed that PMRI could significantly differentiate the prognosis of each clinical subgroup, with patients in the high PMRI group having a had a poorer prognosis (Supplementary Figure S3).




Figure 3 | Association of PD-L1 multidimensional regulatory indices with clinical traits and construction of line plots. (A) Kaplan-Meier survival curves for the TCGA cohort. (B) Kaplan-Meier survival curves for the GSE13507, GSE32894, GSE31684 and GSE48075 cohorts. (C, D) Univariate and multivariate regression analyses. (E) Common clinical characteristics (Cluster, age, sex, grade, stage, T, M, N, BCa subtype and whether lymphovascular invasion) were analyzed for differences in the high/low PMRI group. (F) Histogram of PMRI index compared with other BCa prognostic indices. (G) ROC curves of PMRI at 1, 3 and 5 years. (H) AUC comparison of PMRI with other clinical traits at 1, 3 and 5 years. (I) Column line graphs constructed based on PMRI, age, and clinical stage. (J) Calibration curves for 1-year, 3-year and 5-year overall survival. *p < 0.05, **p < 0.01, ***p < 0.001.



We also obtained the characteristics of currently published prognostic models for BCa and compared them with the prognostic prediction accuracy of the PMRI in this study, and the results showed that the PMRI outperformed other prognostic models in predicting BCa patients (Figure 3F; Supplementary Figure S4), (14–20).The area under the ROC curve (AUC) can be used to analyze the validity of the PMRI prognostic prediction, and the AUCs at 1, 3 and 5 years were 0.709, 0.663 and 0.623, and the 1-year AUC was better than other clinical features in predicting patient survival, suggesting that this PMRI can better predict the short- and long-term survival of BCa patients (Figures 3G, H). Finally, we constructed column line graphs based on the PMRI and other clinical features (age and clinical stage) from multivariate analysis, with the PMRI accounting for the major part of the total column line graph score (Figure 3I). The calibration curve showed that the 1-, 3-, and 5-year column line plots exhibited good predictive accuracy compared to the reference line (Figure 3J). These results above suggest that PMRI can accurately and reliably predict the survival outcome of BCa patients.





PD-L1 multidimensional regulatory index predicts pan-cancer prognosis

To explore the prevalence of PMRI in other cancers, we used the model equation for PMRI described above to calculate PMRI values for patients with other cancer types in TCGA and to plot Kaplan-Meier survival curves for the high/low PMRI groups. For Overall Survival (OS), patients in the high PMRI group in KIRP, LGG, LUAD, MESO, PCPG, SARC, THCA, and UCEC had a poorer prognosis, while patients in the low PMRI group in LAML had a poorer prognosis (Figure 4A). For Disease Specific Survival (DSS), patients in the high PMRI group in BLCA, KIRC, KIRP, LGG, MESO, SARC, SKCM, THCA, and UCEC had poorer Disease Specific Survival. The patients in the low PMRI group in CESC had poorer Disease-Specific Survival (Figure 4B). For Disease Free Interval (DFI), patients in the high PMRI group in BLCA, LGG, SARC and UCEC had shorter Disease Free Interval, while patients in the low PMRI group in ESCA had shorter Disease Free Interval (Figure 4C). For Progression Free Interval (PFI), patients in the high PMRI group had shorter Progression Free Interval in BLCA, KIRP, LGG, MESO, SARC, SKCM and UCEC, while patients in the low PMRI group had shorter Progression Free Interval in CESC and PRAD. Progression Free Interval in CESC and PRAD (Figure 4D). The above results suggest that PMRI has a good effect in predicting prognosis not only in BCa but also in other cancers.




Figure 4 | Predictive value of PMRI in other cancers. Using Kaplan-Meier survival curve analysis, patients in the high PMRI group and low PMRI group were compared in pan-cancer for Overall Survival (OS) (A), Disease Specific Survival (DSS) (B), Disease Free Interval (DFI) (C), and Progression Free Interval (PFI) (D).







Correlation of gene set enrichment analysis and PD-L1 multidimensional regulatory index with the tumor microenvironment

To explore the cancer signaling pathways associated with PMRI, we performed GSEA analysis in the high PMRI and low PMRI groups, and the results showed that the high PMRI group was significantly enriched in HYPOXIA, IL2_STAT5_SIGNALING, IL6_JAK_STAT3_SIGNALING, INFLAMMATORY_ RESPONSE, INTERFERON_GAMMA_RESPONSE, MTORC1_SIGNALING, and PI3K_AKT_MTOR_SIGNALING signaling pathways, and the above signaling pathways are involved in the regulation of PD-L1 expression levels, so it can be confirmed that PMRI is closely related to PD-L1 expression levels (21) (Figure 5A). In addition, by performing GO and KEGG enrichment analysis on the high PMRI group, the results showed that high PMRI was closely associated with immune cell infiltration (Figure 5B).




Figure 5 | Correlation analysis of GSEA and tumor microenvironment. (A, B) GSEA analysis of patients in the high PMRI group. (C) Comparison of tumor purity, ESTIMATE score, immune score and stromal score between patients in the high PMRI group and low PMRI group. (D) Comparison of immune-related functions between patients in the high PMRI group and low PMRI group. (D) Comparison of HLA molecule (E), immunostimulatory gene (F) and immunosuppressive gene (G) expression between patients in the high PMRI group and low PMRI group. Level of immune cell infiltration in TCGA pathological sections of patients in the low PMRI group (H) and patients in the high PMRI group (I). *p < 0.05, **p < 0.01, ***p < 0.001, ns, Non Significance.



We used the ESTIMATE algorithm to assess immune cell infiltration in the tumor microenvironment of BCa patients, and the results showed that patients in the high PMRI group had significantly higher TME scores (ESTIMATE score, immune score and stromal score) and significantly lower tumor purity scores than those in the low PMRI group, indicating that compared to the low PMRI group, patients in the high PMRI group had a higher percentage of immune and stromal cell infiltration ratio was higher and tumor purity was lower in the high PMRI group compared to the low PMRI group (Figure 5C). The results of immune-related function analysis by ssGSEA algorithm showed that HLA and immune checkpoint expression were significantly higher in the high PMRI group than in the low PMRI group (Figure 5D). We then compared the expression of common HLA molecules, immunostimulatory genes and immunosuppressive genes in the high/low PMRI group, and most common HLA molecules, immunostimulatory genes and immunosuppressive genes were highly expressed in the high PMRI group, such as PD-L1, PD-1 and CTLA-4 (Figures 5E–G). We confirmed the higher level of immune cell infiltration in patients in the high PMRI group (TCGA-XF-AAMX) than in patients in the low PMRI group (TCGA-ZF-A9R7) by TCGA pathological sections (Figures 5H, I). Taken together, the results suggest that our patients in the high PMRI group may correspond to BCa hot tumors while those in the low PMRI group may correspond to BCa cold tumors.





Association of PD-L1 multidimensional modulation index with immunotherapy efficacy

We used the IMvigor 210 database to analyze the immunotherapy response in the high/low PMRI population, and the results showed that the PMRI scores of those who responded to anti-PD-L1 antibodies were significantly higher than those who did not respond to anti-PD-L1 antibodies, indicating that high PMRI scores were strongly associated with better immunotherapy outcomes (Figure 6A). We also determined the difference in expression of the four genes that construct the PMRI score between the responding and non-responding groups, and the results showed that all four genes (IGF2BP3, CLK2, P4HB and RAC3) were significantly more highly expressed in those who responded to anti-PD-L1 antibodies (Figure 6B). In addition, higher expression levels of the immune checkpoints PD-1, PD-L1 and CTLA-4 in the high PMRI group and a significant positive correlation between PMRI score and expression of PD-1, PD-L1 and CTLA-4 were strongly associated with a good prognosis in the OS phase of BCa (Figures 6C–E). Patients with lower TIDE scores were more likely to benefit from immunotherapy (13) and high PMRI group had a significantly higher TIDE score than the low PMRI group, and it can be inferred that the high PMRI group responded better to immunotherapy (Figure 6F). In addition, we found significant differences in MSI and TMB between the high/low PMRI groups (Figures 6G, H). Finally, we assessed the value of PMRI score in predicting the efficacy of immunotherapy by PMRI scoring in cancer patients in pan-cancer, and the results showed significant differences in TIDE scoring between the low PMRI scoring group and the high PMRI group in BRCA, CSC, ESCA, HNSC, LGG, LUAD, LUSC, PAAD, TGCT, THCA, and UCEC, suggesting that PMRI scores can also be used to assess immunotherapy efficacy in pan-cancer in addition to in BLCA (Figure 6I). In addition, we collected genes that have been currently reported to be positively associated with immune efficacy and negatively associated with immune efficacy and analyzed them for association with PMRI (22–24). The results showed that PMRI was significantly positively associated with positive immune efficacy-related genes (MSH2, MSH6, NRAS and POLD1) and negatively associated with negative immune efficacy-related genes (STK11) (Figure 6J). The above results suggest that PMRI can predict the effect of immunotherapy and that patients in the high PMRI group have a better effect on immunotherapy.




Figure 6 | PD-L1 multidimensional modulation index in response to immunotherapy. (A) Box plots of PMRI scores in the responding and non-responding groups. (B) Differences in IGF2BP3, CLK2, P4HB and RAC3 expressions between the responding and non-responding groups. (C–E) Differences in PD-1, PD-L1 and CTLA-4 expression between high/low PMRI groups, correlation of PMRI with PD-1, PD-L1 and CTLA-4 expression and prognostic correlation of PMRI with PD-1, PD-L1 and CTLA-4. Differences in TIDE score (F), MSI (G) and TMB (H) between the high PMRI group and low PMRI group. (I) PMRI scores are used to assess immunotherapy efficacy in pan-cancer. (J) Association of PMRI index with genes related to positive/negative immune efficacy. *p < 0.05, **p < 0.01, ***p < 0.001.







Association between PD-L1 multidimensional modulation index and chemotherapy response and common drug sensitivity

To guide the clinical use of drugs in BCa patients, we analyzed the response to common BCa chemotherapeutic drugs in the high PMRI and PMRI groups, and the IC50 was negatively correlated with patients’ sensitivity to the drugs. The results showed that patients in the high PMRI group were more effective in treatment with Cisplatin, while the low PMRI group was more effective in treatment with Gefitinib and Methotrexate treatment was more effective (Supplementary Figure S5A). We collected data from the TCGA cohort to analyze the difference in PMRI scores between the cisplatin-responsive group and the non-responsive group. The results showed that the PMRI score in the cisplatin-responsive group (CR&PR) was significantly higher than that in the cisplatin-non-responsive group (PD&SD) (Supplementary Figure S5B). In addition, the relationship between drug sensitivity and mRNA expression of P4HB, IGF2BP3, RAC3 and CLK2 was analyzed by GDSC and CTRP databases, with positive correlation representing gene expression associated with drug resistance and negative correlation representing genes associated with drug sensitivity. The results of both databases showed that the mRNA expression of P4HB correlated with most chemotherapeutic drug resistance, and the mRNA expression of CLK2 correlated with most chemotherapeutic drug sensitivity (Supplementary Figures S5C, D). These results suggest that PMRI is an effective indicator for predicting the efficacy of commonly used chemotherapy drugs (cisplatin and methotrexate) in BCa, and can be used as a potential therapeutic target for BCa chemotherapy.





Small molecule drug candidate prediction for core target proteins

Molecular docking is a structure-based computational algorithm for compound screening. We obtained the protein structures of IGF2BP3, RAC3, CLK2 and P4HB from the PDB database for molecular docking with 1379 FDA-approved small molecule drugs. Showing the top four small molecules with the highest binding power to the IGF2BP3 binding pocket (Nonoxynol-9, Cobicistat, Valrubicin, and Indinavir) (Figures 7A–D), the top four small molecules with the highest binding power to the RAC3 binding pocket (Tessalon, Cobicistat, Nonoxynol-9, and Gadofosveset) (Figures 7E–H), the top four small molecules with the highest pocket binding to CLK2 (Saquinavir, Amaryl, Trypan Blue, and Irinotecan) (Figures 7I–L), and the top four small molecules with the highest pocket binding to P4HB The top four small molecules with the highest pocket binding (Gadofosveset, Propantheline, Tessalon and Cobicistat) (Figures 7M–P). For example, Cobicistat (ZINC000085537014) forms hydrogen bonds with IGF2BP3 amino acid residues Glu-69, Ser-58 and Arg-79, where Glu-69 and Ser-58 act as hydrogen bond acceptors and Arg-79 as a hydrogen bond donor. In addition, these small molecules form van der Waals (VDW) interactions with residues around the protein receptor, contributing to the binding between the small molecules and IGF2BP3, RAC3, CLK2 and P4HB.




Figure 7 | Molecular docking pose. Screening of candidate small molecules for target proteins using molecular docking. Docking poses of IGF2BP3 active pocket with Nonoxynol-9 (A), Cobicistat (B), Valrubicin (C) and Indinavir (D) are shown. Docking poses of RAC3 active pocket with Tessalon (E), Cobicistat (F), Nonoxynol-9 (G) and Docking poses of the CLK2 active pocket with Saquinavir (I), Amaryl (J), Trypan Blue (K) and Irinotecan (L). Docking poses of the P4HB active pocket with Gadofosveset (M), Propantheline (N), Tessalon (O) and Cobicistat (P) in docked position. On the left is the overall structure of IGF2BP3, RAC3, CLK2 and P4HB with small molecule drugs, where the small molecules are embedded into the protein. In the middle is a detailed diagram of the interaction between IGF2BP3, RAC3, CLK2 and P4HB with small molecule drugs, where the hydrogen bonds are shown as yellow dashed lines. On the right is a 2D interaction diagram between IGF2BP3, RAC3, CLK2 and P4HB and small molecule drugs, where green arrows indicate side chain hydrogen bonding interactions, blue arrows indicate main chain hydrogen bonding interactions, and hexagons represent residues interacting with aromatic hydrocarbons.







Knockdown of IGF2BP3 inhibits proliferation and migration of BCa and IGF2BP3 positively correlates with PD-L1

To investigate the role of IGF2BP3 in BCa cells, two siRNAs (IGF2BP3-1, IGF2BP3-2) were designed to silence IGF2BP3 expression in T24 and UM-UC3 cells. The expression of IGF2BP3 after knockdown was verified by protein blotting, and the results showed that the above two siRNAs could effectively knock down the expression of IGF2BP3 (Supplementary Figures S6A, B). We then performed CCK8, EdU, wound healing and Transwell experiments on T24 and UM-UC3 cells transfected with si-IGF2BP3, respectively. The CCK8 results showed that the proliferation ability of T24 and UM-UC3 cells in the NC group was significantly higher than that of both si-IGF2BP3 groups at 24, 48, 72 and 96 h (p < 0.05, Figures 8A, B). The results by EdU staining assay showed that knockdown of IGF2BP3 gene had significantly lower proliferative capacity for T24 and UM-UC3 cells than the NC group (p < 0.05, Figures 8C, D). Both wound healing assay and Transwell assay results showed that the migratory ability of T24 and UM-UC3 cells with low expression of IGF2BP3 was significantly reduced (p < 0.05, Figures 8E–H). The above results suggest that knockdown of IGF2BP3 expression can inhibit the proliferation and migration of BCa cells.




Figure 8 | Knockdown of IGF2BP3 inhibits BCa cell proliferation and migration and IGF2BP3 correlates with PD-L1. CCK8 viability assay (A, B), EdU cell proliferation capacity assay (C, D), wound healing capacity assay (E, F) and transwell cell migration capacity (G, H) in T24 and UM-UC3 cells transfected with two si-IGF2BP3, respectively. (I) qPCR assay of IGF2BP3 and PD-L1 correlation in 14 BCa tissues. (J, K) PD-L1 protein expression levels in T24 and UM-UC3 cells after siRNA transfection. (L) PMRI index gene and PD-L1 correlation pattern plot. *p < 0.05, **p < 0.01, ***p < 0.001.



We then collected 14 BCa tissue samples to investigate the correlation between IGF2BP3 and PD-L1, and found a significant positive correlation between IGF2BP3 and PD-L1 (R=0.596, P value=0.024, Figure 8I). We found a significant decrease in the protein level of PD-L1 after silencing IGF2BP3 expression in T24 and UM-UC3 cells by WB experiments (Figures 8J, K; Supplementary Figures S6C, D). In addition, we constructed a pattern diagram of the relationship between the four genes constructing the PMRI index and PD-L1 (Figure 8L).






Discussion

Advanced or metastatic BCa is an aggressive malignancy associated with poor long-term survival outcomes (17, 25, 26). Immune checkpoint inhibitors targeting programmed cell death 1 (PD-1) or PD-L1 have recently been shown to be effective in patients with BCa (27). Therefore, more accurate and reliable immunotherapy-related markers are needed to predict survival status and immunotherapy response in patients with BCa. In this study, we established a PMRI constructed from four anti-PD-L1 immunotherapy-related genes (IGF2BP3, P4HB, RAC3, and CLK2) based on an anti-PD-L1 immunotherapy dataset. We found an association between high PMRI not only with poor prognosis in patients with BCa, but also with therapeutic strategies that could help differentiate and predict the efficacy of immunotherapy in patients with BCa, and thus improve patient prognosis. In vitro experiments and preliminary virtual screening further identified the biological functions and potential druggability of PMRI. Thus, our PMRI can predict the prognostic risk and immunotherapy response of BCa. The derived PMRI can be used as a new indicator to predict BCa prognosis and immunotherapy benefits, and may provide valuable insights to find new BCa treatment strategies.

An important finding of this study was the exploration of the therapeutic potential for BCa from the new perspective of PD-L1 expression co-regulation patterns. To determine whether PMRI can predict the efficacy of anticancer immunotherapy in patients with BCa, we compared the expression levels of common immune checkpoints and HLA molecules between the high and low PMRI groups and found that the majority were significantly upregulated in the high PMRI group, with PD-1, PD-L1, and CTLA-4 expression levels significantly correlated with PMRI scores. The results showed that the TIDE scores in the high PMRI group were significantly lower than those in the low PMRI group, suggesting that ICI immunotherapy is more effective in treating the high PMRI population. We also scored PMRI for TIDE immune efficacy in pan-cancer, demonstrating that it can be used not only as a potential biomarker to predict BCa immunotherapy response and screen suitable patients, but also for predicting immunotherapy efficiency in pan-cancer. Consistent with the TIDE score results, there were significant differences in PMRI scores between the responding and non-responding groups of uroepithelial cancer patients in response to PD-L1 therapy in the IMvigor 210 cohort, with the responding group having higher PMRI scores, validating the efficacy of anti-PD-L1 immunotherapy for patients in the high PMRI score group. However, we predicted the response of BCa patients to treatment with common chemotherapeutic agents based on the IC50 values of the drugs. Additionally, we calculated the association between gene expression and drug sensitivity, and found that common chemotherapeutic agents (e.g., cisplatin and gemcitabine) also differed significantly between PMRI subgroups. These results suggest that we constructed the PMRI as a valid indicator to assess the response of patients with BCa to immunotherapy and chemotherapy, to accurately assess the prognosis of patients, and to identify the patient population that will benefit from immunotherapy.

Current predictive biomarkers for PD-1/PD-L1 inhibitors include predictors, such as TMB, MSI, PD-L1, IFN-γ, TIL, and serum markers (IL-6/IL-8/LDH/CRP/B2M) (5). The other cytokines and serum markers predict the efficacy of immunotherapy in terms of the immune microenvironment. In our study, we constructed a PMRI based on immunotherapy datasets and from the perspective of the multifaceted regulation of PD-L1 expression in cancer cells and found that it not only correlated significantly with TMB and MSI, but also validated its effectiveness in predicting immunotherapy efficacy in patients with BCa using the TIDE algorithm and external immunotherapy datasets. Our results strongly suggest that the pathways involved in regulating PD-L1 expression may also be considered as candidate reference factors for the comprehensive treatment of intermediate and advanced bladder tumors.

The four genes ultimately included in the PMRI were significantly and highly expressed in patients in the anti-PD-L1 immunotherapy response group. Insulin-like growth factor 2 mRNA-binding protein 3 (IGF2BP3) is an RNA-binding protein (RBP). Researchers found that IGF2BP3 can act as a PD-L1 mRNA reader, recognizing and regulating the stability of METTL3-mediated m6A-modified PD-L1 mRNA in a METTL3-dependent manner to prevent PD-L1 mRNA degradation (28). The P4HB gene encodes a protein disulfide isomerase (PDI) and endoplasmic reticulum oxidase 1 (ERO1) that are involved in the protein folding process of the endoplasmic reticulum. Moreover, researchers found that PDI and ERO1, acting in concert, could promote oxidative protein folding of PD-L1 in the endoplasmic reticulum thereby enhancing PD-L1 expression (29, 30). Cancer cells have been reported to utilize the JAK-STAT signaling pathway to increase PD-L1 mRNA expression, whereas RAC3 overexpression can activate JAK/STAT signaling through the PYCR1 axis to regulate PD-L1 expression, and thus suppress tumor immunity to provide favorable conditions for BCa progression (21, 31). Similarly, the binding of Wnt ligands to activated EGFR induces β-catenin/TCF/LEF to form a complex with the PD-L1 promoter region and induces PD-L1 mRNA expression in tumor cells. CLK2 has been reported to increase PD-L1 mRNA expression to evade T-cell attack via the Wnt/β-catenin/TCF/LEF pathway (32, 33). The anti-PD-L1 immunotherapy-related genes are closely related to the transcriptional, post-transcriptional, and protein stability regulation of PD-L1 in cancer cells. Consistent with these observations, we validated the function of classical PMRI genes and their relevance to PD-L1 expression in BCa cells. The results showed that IGF2BP3 promoted the proliferation and migration of BCa cells and positively regulated PD-L1 expression. These results suggest that anti-PD-L1 immunotherapy-related genes and their derived PMRI are closely associated with PD-L1 expression and tumor immunity in cancer cells. PMRI genes from DNA induction, transcriptional, translational, and post-translational modifications of PD-L1 expression. The synergistic regulation of PD-L1 expression by PMRI genes from DNA induction, transcriptional, translational, and post-translational modifications may have potential value in therapeutic evaluation and translational research.

As another application of PITI efficacy prediction, we demonstrated the feasibility of a structure-based approach for identifying candidate small-molecule drugs that target core proteins. We used IGF2BP3, RAC3, CLK2, and P4HB as small-molecule drug targets and screened potential small-molecule drugs by molecular docking from the zinc database of Food and Drug Administration (FDA)-approved drugs using MOE software. Valrubicin is among the top four small-molecule drugs with the highest affinity for IGF2BP3, and it has been reported in clinical trials for superficial BCa chemotherapy, demonstrating that valrubicin is effective in ablating tumors remaining in the bladder after incomplete transurethral resection of bladder tumors and in preventing and delaying bladder tumor recurrence (34). A clinical trial of cobicistat, which has a strong affinity to RAC3, was conducted for the treatment of human immunodeficiency virus exposure prophylaxis (35). Irinotecan is among the top four small-molecule drugs with the highest binding affinity to the CLK2 binding pocket, and it has been widely used in clinical trials for solid tumors, such as colorectal, pancreatic, and biliary tract cancers (36–38). Furthermore, Gadofosveset, which is known to have a P4HB-docking pocket with the highest affinity, was reported in clinical trials in combination with MR angiography for the treatment of peripheral vascular disease; results showed that at 0.03 mmol/kg it was not only safe and effective for MR angiography of occlusive disease of the main iliac artery, but also had improved accuracy over non-enhanced MR angiography (39). Although the specific mechanisms of these candidate small-molecule compounds remain to be explored in depth, our findings suggest that they have great potential for anti-PD-L1 immunotherapy in BCa, especially in the population of BCa patients with high PMRI scores.

Although our constructed PMRI can closely respond to and predict the prognosis, chemotherapy sensitivity, and immunotherapy efficacy of BCa and many other cancers, this study has some limitations. First, the data for our analysis were obtained from public databases, which may have led to a case-selection bias. In addition, there is a need to collect large amounts of clinical case-data for evaluation to further validate the accuracy of our findings. Finally, further in vivo and in vitro experiments are required to validate the specific molecular mechanisms of the genes involved in the construction of the PMRI in BCa progression.





Conclusion

In summary, based on the comprehensive analysis of multiple aspects of BCa by PMRI constructed from anti-PD-L1 immunotherapy-related genes, we found that PMRI could effectively predict the prognosis and immunotherapeutic effects in patients with BCa. This study identified novel prognoses, therapeutic biomarker combinations, and potential therapeutic targets for anti-PD-L1 immunotherapy, providing useful insights for future research on BCa treatment strategies. In the era of cancer immunotherapy, exploring co-regulation patterns of PD-L1 expression and their oncological therapeutic potential provides new perspectives for clinical diagnosis, individualized comprehensive treatment, and translational research of BCa.





Data availability statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding authors.





Ethics statement

Ethical approval was not required for the studies on humans in accordance with the local legislation and institutional requirements because only commercially available established cell lines were used.





Author contributions

YX: formal analysis, data curation, conceptualization, experiment, writing—original draft. XYS: formal analysis, visualization, writing—original draft. GXL: software, investigation, writing—original draft. HZL: investigation, writing—original draft. MY: software, supervision, data curation, conceptualization, experiment, writing—review and editing. YYZ: conceptualization, writing—review and editing, supervision, project administration, funding acquisition. All authors contributed to the article and approved the submitted version.





Funding

The author(s) declare financial support was received for the research, authorship, and/or publication of this article. This work was supported by Xisike-Pilot Cancer Research Foundation (grants 20201030) and Applied Basic Research Program of Liaoning Province in 2023 (grants 2023010409133159830).





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.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2023.1301157/full#supplementary-material




References

1. Sung, H, Ferlay, J, Siegel, RL, Laversanne, M, Soerjomataram, I, Jemal, A, et al. Global cancer statistics 2020: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA: Cancer J Clin (2021) 71(3):209–49. doi: 10.3322/caac.21660

2. Patel, VG, Oh, WK, and Galsky, MD. Treatment of muscle-invasive and advanced bladder cancer in 2020. CA: Cancer J Clin (2020) 70(5):404–23. doi: 10.3322/caac.21631

3. Pardoll, DM. The blockade of immune checkpoints in cancer immunotherapy. Nat Rev Cancer (2012) 12(4):252–64. doi: 10.1038/nrc3239

4. Zhang, Y, and Zhang, Z. The history and advances in cancer immunotherapy: understanding the characteristics of tumor-infiltrating immune cells and their therapeutic implications. Cell Mol Immunol (2020) 17(8):807–21. doi: 10.1038/s41423-020-0488-6

5. Sznol, M, and Chen, L. Antagonist antibodies to PD-1 and B7-H1 (PD-L1) in the treatment of advanced human cancer. Clin Cancer Res (2013) 19(5):1021–34. doi: 10.1158/1078-0432.CCR-12-2063

6. Arzimanoglou, II, Gilbert, F, and Barber, HR. Microsatellite instability in human solid tumors. Cancer (1998) 82(10):1808–20. doi: 10.1002/(SICI)1097-0142(19980515)82:10<1808::AID-CNCR2>3.0.CO;2-J

7. Yi, M, Niu, M, Xu, L, Luo, S, and Wu, K. Regulation of PD-L1 expression in the tumor microenvironment. J Hematol Oncol (2021) 14(1):10. doi: 10.1186/s13045-020-01027-5

8. Rosenberg, JE, Hoffman-Censits, J, Powles, T, van der Heijden, MS, Balar, AV, Necchi, A, et al. Atezolizumab in patients with locally advanced and metastatic urothelial carcinoma who have progressed following treatment with platinum-based chemotherapy: a single-arm, multicentre, phase 2 trial. Lancet (London England) (2016) 387(10031):1909–20. doi: 10.1016/S0140-6736(16)00561-4

9. Wilkerson, MD, and Hayes, DN. ConsensusClusterPlus: a class discovery tool with confidence assessments and item tracking. Bioinf (Oxford England) (2010) 26(12):1572–3. doi: 10.1093/bioinformatics/btq170

10. Uhlén, M, Fagerberg, L, Hallström, BM, Lindskog, C, Oksvold, P, Mardinoglu, A, et al. Proteomics. Tissue-based map of the human proteome. Sci (New York NY) (2015) 347(6220):1260419.

11. 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.

12. 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

13. 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

14. Jin, K, Qiu, S, Jin, D, Zhou, X, Zheng, X, Li, J, et al. Development of prognostic signature based on immune-related genes in muscle-invasive bladder cancer: bioinformatics analysis of TCGA database. Aging (2021) 13(2):1859–71. doi: 10.18632/aging.103787

15. Liu, J, Ma, H, Meng, L, Liu, X, Lv, Z, Zhang, Y, et al. Construction and external validation of a ferroptosis-related gene signature of predictive value for the overall survival in bladder cancer. Front Mol Biosci (2021) 8:675651. doi: 10.3389/fmolb.2021.675651

16. Qiu, H, Hu, X, He, C, Yu, B, Li, Y, and Li, J. Identification and validation of an individualized prognostic signature of bladder cancer based on seven immune related genes. Front Genet (2020) 11:12. doi: 10.3389/fgene.2020.00012

17. Xu, Y, Xia, Z, Sun, X, Wei, B, Fu, Y, Shi, D, et al. Identification of a glutamine metabolism reprogramming signature for predicting prognosis, immunotherapy efficacy, and drug candidates in bladder cancer. Front Immunol (2023) 14:1111319. doi: 10.3389/fimmu.2023.1111319

18. Sun, J, Yue, W, You, J, Wei, X, Huang, Y, Ling, Z, et al. Identification of a novel ferroptosis-related gene prognostic signature in bladder cancer. Front Oncol (2021) 11:730716. doi: 10.3389/fonc.2021.730716

19. Yang, L, Li, C, Qin, Y, Zhang, G, Zhao, B, Wang, Z, et al. A novel prognostic model based on ferroptosis-related gene signature for bladder cancer. Front Oncol (2021) 11:686044. doi: 10.3389/fonc.2021.686044

20. Sun, X, Li, S, Lv, X, Yan, Y, Wei, M, He, M, et al. Immune-related long non-coding RNA constructs a prognostic signature of ovarian cancer. Biol Procedures Online (2021) 23(1):24. doi: 10.1186/s12575-021-00161-9

21. Cha, JH, Chan, LC, Li, CW, Hsu, JL, and Hung, MC. Mechanisms controlling PD-L1 expression in cancer. Mol Cell (2019) 76(3):359–70. doi: 10.1016/j.molcel.2019.09.030

22. Miao, D, Margolis, CA, Gao, W, Voss, MH, Li, W, Martini, DJ, et al. Genomic correlates of response to immune checkpoint therapies in clear cell renal cell carcinoma. Sci (New York NY) (2018) 359(6377):801–6. doi: 10.1126/science.aan5951

23. Kato, S, Goodman, A, Walavalkar, V, Barkauskas, DA, Sharabi, A, and Kurzrock, R. Hyperprogressors after immunotherapy: analysis of genomic alterations associated with accelerated growth rate. Clin Cancer Res (2017) 23(15):4242–50. doi: 10.1158/1078-0432.CCR-16-3133

24. Remon, J, Passiglia, F, Ahn, MJ, Barlesi, F, Forde, PM, Garon, EB, et al. Immune checkpoint inhibitors in thoracic Malignancies: review of the existing evidence by an IASLC expert panel and recommendations. J Thorac Oncol (2020) 15(6):914–47. doi: 10.1016/j.jtho.2020.03.006

25. Sternberg, CN, de Mulder, PH, Schornagel, JH, Théodore, C, Fossa, SD, van Oosterom, AT, et al. Randomized phase III trial of high-dose-intensity methotrexate, vinblastine, doxorubicin, and cisplatin (MVAC) chemotherapy and recombinant human granulocyte colony-stimulating factor versus classic MVAC in advanced urothelial tract tumors: European Organization for Research and Treatment of Cancer Protocol no. 30924. J Clin Oncol (2001) 19(10):2638–46. doi: 10.1200/JCO.2001.19.10.2638

26. Dyrskjøt, L, Hansel, DE, Efstathiou, JA, Knowles, MA, Galsky, MD, Teoh, J, et al. Bladder cancer. Nat Rev Dis Primers (2023) 9(1):58.

27. Powles, T, Eder, JP, Fine, GD, Braiteh, FS, Loriot, Y, Cruz, C, et al. MPDL3280A (anti-PD-L1) treatment leads to clinical activity in metastatic bladder cancer. Nature. (2014) 515(7528):558–62. doi: 10.1038/nature13904

28. Wan, W, Ao, X, Chen, Q, Yu, Y, Ao, L, Xing, W, et al. METTL3/IGF2BP3 axis inhibits tumor immune surveillance by upregulating N(6)-methyladenosine modification of PD-L1 mRNA in breast cancer. Mol Cancer (2022) 21(1):60. doi: 10.1186/s12943-021-01447-y

29. Shergalis, AG, Hu, S, Bankhead, A 3rd, and Neamati, N. Role of the ERO1-PDI interaction in oxidative protein folding and disease. Pharmacol Ther (2020) 210:107525. doi: 10.1016/j.pharmthera.2020.107525

30. Tanaka, T, Kutomi, G, Kajiwara, T, Kukita, K, Kochin, V, Kanaseki, T, et al. Cancer-associated oxidoreductase ERO1-α promotes immune escape through up-regulation of PD-L1 in human breast cancer. Oncotarget (2017) 8(15):24706–18. doi: 10.18632/oncotarget.14960

31. Cheng, C, Song, D, Wu, Y, and Liu, B. RAC3 promotes proliferation, migration and invasion via PYCR1/JAK/STAT signaling in bladder cancer. Front Mol Biosci (2020) 7:218. doi: 10.3389/fmolb.2020.00218

32. Du, L, Lee, JH, Jiang, H, Wang, C, Wang, S, Zheng, Z, et al. β-Catenin induces transcriptional expression of PD-L1 to promote glioblastoma immune evasion. J Exp Med (2020) 217(11):e20191115. doi: 10.1084/jem.20191115

33. Zhou, HB, Yang, L, Liu, SF, Xu, XH, Chen, Z, Li, YX, et al. CDC Like Kinase 2 plays an oncogenic role in colorectal cancer via modulating the Wnt/β-catenin signaling. Neoplasma (2022) 69(3):657–69. doi: 10.4149/neo_2022_220206N138

34. Newling, DW, Hetherington, J, Sundaram, SK, Robinson, MR, and Kisbenedek, L. The use of valrubicin for the chemoresection of superficial bladder cancer – a marker lesion study. Eur Urology (2001) 39(6):643–7. doi: 10.1159/000052521

35. Gantner, P, Hessamfar, M, Souala, MF, Valin, N, Simon, A, Ajana, F, et al. Elvitegravir-cobicistat-emtricitabine-tenofovir alafenamide single-tablet regimen for human immunodeficiency virus postexposure prophylaxis. Clin Infect Dis (2020) 70(5):943–6.

36. Kopetz, S, Guthrie, KA, Morris, VK, Lenz, HJ, Magliocco, AM, Maru, D, et al. Randomized trial of irinotecan and cetuximab with or without vemurafenib in BRAF-mutant metastatic colorectal cancer (SWOG S1406). J Clin Oncol (2021) 39(4):285–94. doi: 10.1200/JCO.20.01994

37. Wang-Gillam, A, Hubner, RA, Siveke, JT, Von Hoff, DD, Belanger, B, de Jong, FA, et al. NAPOLI-1 phase 3 study of liposomal irinotecan in metastatic pancreatic cancer: Final overall survival analysis and characteristics of long-term survivors. Eur J Cancer (Oxford Engl 1990) (2019) 108:78–87. doi: 10.1016/j.ejca.2018.12.007

38. Yoo, C, Kim, KP, Jeong, JH, Kim, I, Kang, MJ, Cheon, J, et al. Liposomal irinotecan plus fluorouracil and leucovorin versus fluorouracil and leucovorin for metastatic biliary tract cancer after progression on gemcitabine plus cisplatin (NIFTY): a multicentre, open-label, randomised, phase 2b study. Lancet Oncol (2021) 22(11):1560–72. doi: 10.1016/S1470-2045(21)00486-1

39. Perreault, P, Edelman, MA, Baum, RA, Yucel, EK, Weisskoff, RM, Shamsi, K, et al. MR angiography with gadofosveset trisodium for peripheral vascular disease: phase II trial. Radiology (2003) 229(3):811–20. doi: 10.1148/radiol.2293021180








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 © 2024 Xu, Sun, Liu, Li, Yu and Zhu. 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.




Glossary


 




OEBPS/Images/fimmu.2023.1301157_cover.jpg
& frontiers | Frontiers in Immunology

Integration of multi-omics and clinical
treatment data reveals bladder cancer
therapeutic vulnerability gene combinations
and prognostic risks





OEBPS/Images/fimmu-14-1301157-g008.jpg
IGF2BP3 expression

T24

o

k2] 96

0 24 48
Time (h)
T24
NC si-IGF2BP3#1 si-IGF2BP3#2

Time (h)

UM-UC3
si-IGF2BP3#1 si-IGF2BP3#2

: . . . :
3 3
w w
15 a
% %
¥~ 1.0 <
S S
Q Q
o o
= H A @
. . . g 08 =%
[}
[0} [0}
<y >
Q Q
s =
F
T24 UM-UC3
NC si-IGF2BP3#1 si-IGF2BP3#2 ® N i NC si-IGF2BP3#1 si-IGF2BP3#2
L ckmrmn
50
oh oh
g
wry ATA g
g
72h 72h -
0
- - - = - =
® NC H ® NC
5 GIGEBRI 5 GIGEBRI
L Sicemen L Sicemen
T24 T 80— UM-UC3
NC si-IGF2BP3#1 SHIGF2BP3#2 £ ol si-IGF2BP3#1 si-IGF2BP3#2
¥ (3 gy & ey '
i RN e A : e s
W ' & Voo el X E g0 Lo
O e P AR B H N \
P SR et oAy £ o B
E 0
J K L
Teel
Bladder cancer
.
4 R=0.5%
1901 P ralse= 0.024 T24 UM-UC3
ry o 0y a Tumor cel
b3 Y 3 Y
SIRNA S o i S ofF K el 1 .
100 ARG L Lo SRNA - o & T 8 o @ WTME
PD-L1 - PD-L1 -_‘ M S e Em
/JAK"SY/\‘U = \\ ;xmmnv A
pYcat 7 ]
- /|

20 40 60
PD-L1 expression






OEBPS/Images/fimmu-14-1301157-g005.jpg
06;

Enrichment Score

HALLMARK_HYPOXIA
HALLMARK_IL2_STAT5_SIGNALING
HALLMARK_IL6_JAK_STAT3_SIGNALING
HALLMARK_INFLAMMATORY_RESPONSE
HALLMARK_INTERFERON_GAMMA_RESPONSE
HALLMARK_MTORC1_SIGNALING
HALLMARK_PI3K_AKT_MTOR_SIGNALING

00;

Enrichment Score

~ GOBP_T_CELL_MIGRATION
— GOBP_IMMUNE_RESPONSE_REGULATING_SIGNALING_PATHWAY
— GOMF_IMMUNE_RECEPTOR_ACTIVITY

— GOBP_REGULATION_OF_T_CELL_MEDIATED_IMMUNITY

— GOBP_REGULATION_OF_IMMUNE_EFFECTOR_PROCESS

— GOBP_REGULATION_OF_T_CELL_RECEPTOR_SIGNALING_PATHWAY
— GOBP_T_CELL_CHEMOTAXIS

~ GOBP_CD8_POSITIVE_ALPHA_BETA_T_CELL_ACTIVATION

— KEGG_CHEMOKINE_SIGNALING_PATHWAY

~ KEGG_NATURAL_KILLER_CELL_MEDIATED_CYTOTOXICITY

Vi e, ! "'-'“i

Pl A ul

: B

ol Ll fE 0
Wi gy l'!','ll. | '!a'.'...l','.,.f‘..':,:' '.l'i'.

high PMRI<==-=--=---=--= >low PMRI
PMRI £3 lowES high
PuR [ D E PMRI ES low B8 high
N - S —
s o . .
% H 075 . Qﬁ 10.0 .
H H . s o . .
- 8050 & § 75 .
P L] . ! g o lpe 1 !
= 3 = = . . o 50 4 \ . . .
ot [ o [l o ol [ o [l van 025 LI . 8 =§ .t
= : i : 25 . °
- . W .
§ o) £ 0.00 3 N
¢ g RS S R TP O P S S EFEF TS P & )
o RODRSIIS & PSRN N <
1 R N Cr R O i S S EELESTESELISES
S ely SAGE ST L B PILL I IS BT
- quzgw FE IS R PRSI S
- & e@g ¢ A
= = 7 & S
&
PMRI ES low B8 high G PMRI ES low B high
er g o 40 o s e svw 4o i e e o o S0 a0 v st o g # g SR Snean g 3 g g 4% ¢ g g g * g
B
g i
5 75 . s
s )
5 5 d
2 3 g,
850 gsu . gl
3 g h . ' HI
H 8 4. H
2 2 . ot
825 825 %
M,
0.0 001 4L un
AN QO DN O N N DA
ST IS E S
SETEEFTE IV
& PIE @ §
¥ <
TCGA-ZF-A9R7 | TCGA-XF-AAMX

Low PMRI Score (0.3015562)

Pathology Slide

High PMRI Score (4.304472913)






OEBPS/Images/fimmu-14-1301157-g003.jpg
PMRI S High PMGI = Low PMGI

PURI S High PMGI 5 Low PMGI

306 - pvalue Hazard ratio
Z or Zz o Age <0001 1.041(1.023-1.059)
] H
H 2
H
: ™ g o2y Gender  <0.001 2.280(1.437-3.617)
H £
3 = <0.001 5 o Stage <0001 1.793(1.451-2215)

000 000

0 1 2 3 4 56 7 8 6 10111213 14 15 T 7 3 3 4 5 6§ 7 § 3 T Subtype 0,007 0.578(0.387-0.863)
Time(years) Time(years)

HighPVGH 20112347 3124 17 8 § 3 1 1 1 1 1 0 0 hgheMGI{ 6o 46 30 21 15 12 8 5 4 1 0 PMRI <0001 1.902(1572-2.300)
Low PIGI{ 202158 72 47 37 28 19 16 10 8 5 2 1 1 0 0 LowPMGI| 478 390 304 237 185 137 88 58 38 8

[(REEREEEEEEEEEEE]

Time(years)

6 1 2 3 4 5 6

Time(years)

00

| pvalue
" Age 0025
| S Gender 032
| Stage <0001
- | Subtype 0252
i PMRI <0001

10 20 30

Hazard ratio

08

06

C-index
=

®

Hazard ratio
1.028(1.003-1.053)
1.377(0.730-2.596)
1.626(1310-2.018)

0.786(0.521-1.186)

rmp

1.740(1.428-2.121) —
00 05 10 15 20 25
Hazard ratio

PMRI Cluster* Age  Gender  Grade™ Stage T [ N subtype** lymphovascular invasion
Mhigh BMC1  M<=60 MFEMALE W HighGrade M Stage! MITO M Non-Papillary B NO -
Miow MC2 M>60 MMALE M LowGrade & Stagell B T1  Papilary unknow
unknow Stage Il M T2 unknow M YES
Stage IV M T3
unknow M T4
unknow df
o o o o ]
- ) o | [ 2= o |
3 3 3 3
ry o | o | o |
z s g3 g s g s
g < | - | g < 3 o<
® s @ s — PMRIAUC=0708 | 7 S — PMRLAUC=0623 | S — PMRI, AUC=0635
~— age, AUC=0.547 ~— age, AUC=0625 ~— age, AUC=0612
~ ~ ~—— gender, AUC=0.435 & ~—— gender, AUC=0.436 P ~—— gender, AUC=0.486
84 8 —— stage, AUC=0.650 ! —— stage, AUC=0650 4 —— stage, AUC=0665
4 —— AUC at 1 years: 0.709 —— T, AUC=0.627 e ~—— T, AUC=0.660
e —— AUC at 2 years: 0.663 — M, AU 522 — M, AUl 531 —— M, AUC=0.526
e lj7 ~— AUC at 3 years: 0.623 o | —— N, AUC=0.638 o | ~—— N, AUC=0.606 o | —— N,AUC=0617
S S 3 S
T T T T T T T T T T T T T T T T T T T T T T T T
0.0 02 04 06 08 10 0.0 02 04 06 08 1.0 0.0 02 04 06 08 1.0 00 02 04 06 08 1.0
1-Specificity 1-Specificity 1-Specifiity 1-Specificity
0 10 20 30 40 5 6 70 80 90 100
Points
Rl Score . T - T B T
6 05 1 15 3 35 3 35 4 45 5 85
Age 58 T A s /{ g
30 35 40 45 50 85 60 65 70 75 80 85 0 2 § H
% -~ H / g
2 4 i 5 £s i
Stage — e @ ° 1 ‘% * @
i 5 8 g ; 8
£, 3. $: T /
] £ :
Total Points. + bt e b
o 20 40 60 80 100 120 140 160 180 200 3 3 ] \\l
b1 - 5.
e 3. 2
1-year survival
09 08 07 05 03 01
2-year survival E N 3 @ o ) o
s 08 67 05 03 61 ot ) @ o s o 13 W % % o 13 - R
Nomogram-Predicted Probabilty of 1-Year OS Nomogram-Predicted Probabilty of 3-Year 0S Nomogram-Predicted Probabilty of 5-Year OS
3-year survival
09 08 0.7 05 03 01 0.01

o






OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Integration of multi-omics and clinical treatment data reveals bladder cancer therapeutic vulnerability gene combinations and prognostic risks

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusions

        



        		

          Background

        



        		

          Materials and methods

        

          		

            Obtaining sequence data from BCa patients and identifying anti-PD-L1 immunotherapy-related genes

          



          		

            Unsupervised clustering

          



          		

            Construction and validation of PD-L1 multidimensional regulatory index and histological validation at the protein level

          



          		

            Gene set enrichment analysis and immuno-infiltration analysis

          



          		

            Analysis of drug treatment response and immunotherapy response

          



          		

            Molecular docking simulation

          



          		

            Cell culture

          



          		

            Small interfering RNA transfection

          



          		

            Protein blotting

          



          		

            RNA extraction and real-time PCR

          



          		

            Cell Counting Kit-8 cell activity assay and EdU cell proliferation assay

          



          		

            Cell migration capacity assay

          



          		

            Statistical analysis

          



        



        



        		

          Results

        

          		

            Identification of anti-PD-L1 immunotherapy-related genes in BCa

          



          		

            Identification of anti-PD-L1 immunotherapy-associated Clusters and differences in immune microenvironment and immunotherapy response among different Clusters

          



          		

            Construction and validation of PD-L1 multidimensional regulatory index

          



          		

            PD-L1 multidimensional modulation index predicts the prognosis of BCa patients

          



          		

            PD-L1 multidimensional regulatory index predicts pan-cancer prognosis

          



          		

            Correlation of gene set enrichment analysis and PD-L1 multidimensional regulatory index with the tumor microenvironment

          



          		

            Association of PD-L1 multidimensional modulation index with immunotherapy efficacy

          



          		

            Association between PD-L1 multidimensional modulation index and chemotherapy response and common drug sensitivity

          



          		

            Small molecule drug candidate prediction for core target proteins

          



          		

            Knockdown of IGF2BP3 inhibits proliferation and migration of BCa and IGF2BP3 positively correlates with PD-L1

          



        



        



        		

          Discussion

        



        		

          Conclusion

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



        		

          Glossary

        



      



      



    



  



OEBPS/Images/fimmu-14-1301157-g007.jpg





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-14-1301157-g002.jpg
A B ; (o]
palue Hazard ratio Coefficient of selected genes .
| e
10
IGF2BP3  0.025 1.225(1.026-1.463) - "
3 _ 8
! iz o W
P4HB 0003 1.573(1.170-2.113) | —— 82 6 H ' T e
4
RAC3 0.011  1.256(1.054-1.496) l g§ “1
. E R .496) lr—H 23 ~4
= 2
CLK2 0.001  0.614(0.456-0.825) *
d ds o 15 2 - T T T 0] ——

-04 -02 0.0 0.2 04

T T
Coefficient IGF2BP3 P4HB RAC3 CLK2

IGF2BP

Normal

Tumor 1

N

Tumor Staining: High Tumor Staining: High Tumor Staining: High Tumor Staining: High





OEBPS/Images/logo.jpg
, frontiers | Frontiers in Immunology





OEBPS/Images/fimmu-14-1301157-g004.jpg
‘Survivl probabilty

‘Survival proabitty

Survival probaity

‘Survival probabilty

‘Survivl probabiity

‘Survivl probabitty

‘Survival probabilty

OS: Overall Survival

CancerKIRP e 5 o e 8 Low e Cancer: LGG s 5 g 8 Low Cancar:LUAD s 8 g 3 tow Cancer: MESO  sumt 2 vonoums B Lo Cancer:PCPG i 38 in e 3 o
o0 100 100 100 100
o z o s Z o z o
g g E H
s £, un B s % e £, s
E § § j
o2s 02s. o 0zs o
*| p=0024 0001 ) | p<aot 3ol oo
oo o oo oo oo
LI A KRR RO R TTII IS e T i R AR RS IEEEEEERE R T LT T I T ETEY LI B S N SO R S A ST T TR A
Timaiyears) Time(years) Tima(years) Timeiyears) Tme(years)
Cancar: SARC s 8 o 6 Low e Cancer: THCA  sum 31 ot B Low e Cancer: UCEC 38 o n 3 Low s Cancor:LAML P, 55 vn 38 owis
100 100 100 100
ans z om Z om Z om
o Lo g .
°®] p<0,001 3 °®| pe0001 3 °®1 p=003s @ 0B pe0040
oo oo oo oo
L R R A R RO LN BB B N N I O IEEEEEE RN T LT T T TR T FY LI S S N SO T A
Timed(years) Time(years) Time(years) Time(years)
DSS: Disease Specific Survival
Cancer BLOA s 5 won s 25 Lo CancerCESC . 2 g 5 Lo CancerKIRC w5 g 6 Lownts Cancer KIRP e 35 v sus 35 o Cancer LG 55 e s 35 o
100 120 100 120 100
ors z o z o z o z o
H E 3 3
2 2 2
050! g o E o £ om £ os
H H 2 3
oz 5 o 3 o 5 o 3 s
p=0. @ p=0035 3 p=0.038 @ =000 3 03
o 000 oo oo ace
T I T3S T IS RN AR AR I ERERE RN NN TR R E LI S S N T O 3 TT I3 TSI RN AR NER IEEEEEEEE R R AT
Timeiyears) Timetyears) Timetyears) Timeiyears) Timelyears)
Gancer: MESO s 2 wens 3 o L P— Cancer: SKCM s 55 g 5 owus Cancar: THCA - Cancer: UCEC i 55 g 5 owsris
100 100 100 100 100
o £ o £ o e e
o . o f . f .
- i . P .
1 P<0.001 p=0.035 p<0.001 p=0.045
oo oo oo aco aco
[ B S SO SO R T A T I I i IR n R R E® TSI T S e SR L R N B IR RN EER R T
Timeiyears) “Time(years) Time(years) Timeiyears) Timelyears)
DFI: Disease Free Interval
Cancac BLCA  pun 58 o 38 sy Cancer. ESCA a5 g 6 Lwrus Cancer: LG e 5 on s 5 Low Cancar: SARC P 25 on i B Lot Cancer: UCEC i 5 on o 8 Lo
100 o0 e 100 100
ors z o z o z o z o
= . i f .
| . . .
p=0.{ . p=0.022 ® .001 - L p=0.017.
oo o oo ace aco
L N B B N B [ B Y NV B S LN NI B W R L T T A IEEEEEEEE R R A N
Timelyears) Tmalyeas) Time(yoars Time(years) Timelyears)
FI: Progression Free Interval
Cancor:BLCA s 5 o e 5 Lo Gancer:CESC. s 28 wgnous B Low Gancer: KRR pur 55 s 5 Lo s Cancor LGS pum 55 g 5 ows Cancer: MESO  pums 55 g a5 e
100 100 100 100 100
ars z o Z o z o z o
o 1. 1w £ L
 E” L P " e
P p=0.041 p=0.012 P p=0ipo1
oo o oo oo aco
L N B N TTIT T s T IS RN R AR RIS T I I IS eI IR R R AR L B N N B T T 3 7§ %
“Time(years) Time(years) Time(years) ‘Time(years) ‘Time(years)
Cancer: PRAD. o 8 v eum 55 Lowos Cancer; SARC ok 35 o s 38 Lot Cancer: SKOM s 25 won s 5 Lo s Cancer: UCEC  pum 55 an st 8 Lo
100 o0 o0 120
ors § ors z om i o7
o % [P £ o
3 H 3
oz 5 o 5 3 o
p=0.044 3 8 o 3 017
oo oo oo oo
L N N B W N B L2 T N B O TSI TS O SRS IEEEREEEER R TR TTEIEEEF

Time(years)

Time(years)

ot

Time(years)





OEBPS/Images/fimmu-14-1301157-g006.jpg
IMvigor 210 51 Non-response =1 Response

ooz

2 -
: . s
2 H
e g4
8 §s
g H
g 5 5
! g8
Q
1

.

3 Non-response B8 Response 3 Non-response B8 Response

E3 Non-response 8 Response E3 Non-response &3 Response

Non-response Response

(¢}

[ tonpuR) [l PR Ae02fprécs

32007

PD-L1 expression

Ton PRI Fgh-PURT

[ Lov-PuRI [ Hon-PMRI

PD-1 expression

I Low-PuRI [ Hich-PURI

oot oo " 000 oont
H a H 23 H 4
5 5, s .
s § gs !
s g ¢
g 3 2
H 32
g £ g
32 g &
£
'
2 ! H
1 6 e
Non-response _ Response Non-response _ Response Non-response _ Response Non-response _ Response
10 s F
SRR PRI 5] Low-PMRI [B High-PAIRI
R peceicbe o .
Bis o et e
o TR
B e
H £
H £ °
Som| — £ e @
H H <]
H | bt H Fo
0z o
p=0018
<
om | o
AR ERE TR R TTEI TS T ISR
Timetyears) Terayears — -

1,00 1

SR PuRI [ Low-PURI (I Hoh-PURI

~ H-PD-T+iow PURI f
- L-PD-1+high PMRI

o ~ RSt o i
1 '
i
H] 3
s Zo
02 f
o
o [
BB T E TS T E S BT RTE o
Timetyears) Timetears) T e
1.0 1 H

PuGI [ Low-PuRI [l Hoh-PURI

. high PHGI 5
4 - HCTLM = H-CTLAd+iow PNGI “
a7 = otias o - L-CTLAdsnigh PMGI _
000011 I 2 2 = L-CTLAdslow PUGI 3
s £ z 2
] 3 i 3 e
£, 2. osol — £ ]
] 2 g g €2
H £ H §
3 H A 3 ]
5 . L P 02 H
p= '
! » :
SL ¥ ¥ oo ! o .
Tow-PHRT FigH-PHRT TTZ3 i 58T 83N EBIT TTZ3 % & T 2T
Time(years Tineyears) Tow-PHaRT Figh-PVRI
BRCA cesc Esca HNSC Lee LuAD
- . | = -
B o
E - 2
. -
8 8- g’ 8 8 8
2, 2 = 2 2 Fa
- = 3 ¢ h
h ks - 5
e AT TP T e AT TR PR TP AT TR Fiah- PR
Lusc PAAD TecT THCA ucee
5 . S :
o o o : :
. - - !
w w™ w w w
- ¢ g
E -t
T T o TR - e T E TR T iR
J Positive Immunoefficacy related genes Negative Immunoefficacy related genes
15 —oms i s L —t [ mm—]
s ki o
o
g N A 3
2 z g g
8 o
24 s
Tow igh Tow igh Tow igh Tow igh

POLD1

STt






OEBPS/Images/fimmu-14-1301157-g001.jpg
>
@
(9]

Imvigor 210
[ e - Gene dendrogram and module colors g Scale independence Mean connectivity
- | 2 3 e
2 g~ 567 891023141516, 7,50 . ]
| 3 3 . 3 g
= P £ 39 z°
3 3 I S k 3 3 -
e | 8 334 g8 =
S A S = < g
& . | 0 2 IR S 87
&2, | o 3 g F
T ® ° © g 2 8 8+
° | ° S e i = 2
| g 8 o R
14 S L oS 3
¢ Py 4
? I ; BT 3 1 o4 5678 910123141561 78I
-10 -05 00 05 10 @ i L L ! ) X 2 X
5 10 15 20 5 10 15 20
Logp(Fold Change)
Soft Threshold (power) Soft Threshold (power)
D Module-trait relationships E
0077 024 -00% -018 025 -025 1 go—ce
MEyellow 02 (98-08 (03) (0002 (36-0) (3e-06) regulation of cell cycle phase transition padiust chromosomal region
regulation of mitotic cell cycle phase transition 34 condensed chromosome: pads
nuclear division 3 chromosome, centromeric region ivgtd
chromosome segregation Suogons spliceosomal complex 50e-14
DNA replication j“:: Kinetochore. 25614
014 02  -0088 -015 026  -026 cell cycle G2/M phase transition 3 spindle pole.
MEbrown ©007) (20-04) (01)  (0.008) (96-07) (9e-07) G2/M transition of mitotic cell cycle 5" condensed chromosome kietochore Counts
05 regulation of cell cycle G2/M phase transition O 1o replication fork Q 5o
regulation of G2/M transition of mitoic cell cycle O peptidase complex O
DNA-dependent DNA replication e proteasome complex
. 019 02  -015 -014 031 031 0% 007 008 006 010 o0z o oo oos
MEturquoise (4e-08) (4605) (0007 (0005) (5e-09) (5e-09) GenoRat Gonsrato
0
GO—MF KEGG
0081 021 015 0068 -023 02
MEblue (01)  (7e-05) (0004) (02)  (1e-05) (1e-05) catalytic activity, acting on DNA- — Spliceosome ®
ATPase activity Cell cycle- [ ] p.adjust
single-stranded DNA binding: [ 1207 RNA transport- [} Qoo
helicase activity- () e ‘Spinocerebellar ataxia it
— DNA helicase activity- o *"% mRNA surveillance pathway 0.00005
MEred 0061 0029 -021 02 -0z DNA-dependent ATPase activity ° i DNA replication
©3) o6 R IRINEERN=) damaged DNA binding ° % Proteasome Counts
ATP-dependent helicase activity{ ® Q@  Homologous recombination Q2
ATP-dependent DNA helicase activity| @ Qe Nucleotide excision repair{ @ O«
3'-5' DNA helicase activity| o Base excision repair{ o
-0026 -0018 0033 0054 -0032 0032 001 o 00 o004 005 006 o o4 o0 o0
MEgrey ©8) ©n  ©5 (03 (©8 (0§ - Generato GeneRatio
& & & ?‘% QO

& S





OEBPS/Images/table1.jpg
ACC

BCa

CLK2

BLCA

BRCA

CESC

CHOL

COAD

CNV

CTLA4

DLBC

DSS

ESCA

GBM

GDSC

GEO

GO

GSEA

GTEx

HNSC

HR

1C50

ICB

IGF2BP3

KEGG

KICH

KIRC

KIRP

KM

LAG3

LAML

LGG

LIHC

LUAD

LUSC

MESO

NES

0s

ov

P4HB

PAAD

PCPG

PD-1

PD-L1

PFS

PMRI

PPI

PRAD

RAC3

READ

ROC

SARC

SKCM

ssGSEA

STAD

TCGA

TGCT

THCA

THYM

TIDE

TP53

TMB

UCEC

ucs

UVM

WGCNA

Adrenocortical carcinoma
Bladder cancer

CDC Like Kinase 2

Bladder Urothelial Carcinoma
Breast invasive carcinoma

Cervical squamous cell carcinoma and
endocervical adenocarcinoma

Cholangiocarcinoma
Colon adenocarcinoma

Copy number variation

Cytotoxic T-lymphocyte-associated protein 4
Lymphoid Neoplasm Diffuse Large B-cell Lymphoma
Disease-free survival

Esophageal carcinoma

Glioblastoma multiforme

Genomics of Drug Sensitivity in Cancer
Gene Expression Omnibus

Gene Ontology

gene set enrichment analysis
Genotype-Tissue Expression Program
Head and Neck squamous cell carcinoma
Hazard Ratio

half maximal inhibitory concentration
Immune checkpoint blockade

Insulin Like Growth Factor 2 MRNA Binding Protein 3
Kyoto Encyclopedia of Genes and Genomes
Kidney Chromophobe

Kidney renal clear cell carcinoma

Kidney renal papillary cell carcinoma
Kaplan-Meier

Lymphocyte Activating 3

Acute Myeloid Leukemia

Brain Lower Grade Glioma

Liver hepatocellular carcinoma

Lung adenocarcinoma

Lung squamous cell carcinoma
Mesothelioma

Normalized enrichment score

Overall survival

Ovarian serous cystadenocarcinoma

Prolyl 4-Hydroxylase Subunit Beta
Pancreatic adenocarcinoma
Pheochromocytoma and Paraganglioma
Programmed cell death 1

Programmed cell death 1 ligand 1
Progression-free survival

PD-L1 multidimensional regulatory index
protein-protein interaction

Prostate adenocarcinoma

Rac Family Small GTPase 3

Rectum adenocarcinoma

Receiver Operating Characteristic

Sarcoma

Skin Cutaneous Melanoma

single-sample gene set enrichment analysis
Stomach adenocarcinoma

The Cancer Genome Atlas

Testicular Germ Cell Tumors

Thyroid carcinoma

Thymoma

tumor immune dysfunction and exclusion
‘Tumor Protein P53

‘Tumor mutation burden

Uterine Corpus Endometrial Carcinoma
Uterine Carcinosarcoma

Uveal Melanoma

Weighted Gene coexpression Network Analysis





