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Background

In reference to previous studies, necroptosis played an important role in cancer development. Our team decided to explore the potential prognostic values of long non-coding RNAs (lncRNAs) associated with necroptosis in bladder urothelial carcinoma (BLCA) and their relationship with the tumor microenvironment (TME) and the immunotherapeutic response for accurate dose.



Methods

To obtain the required data, bladder urothelial carcinoma transcriptome data were searched from Cancer Genome Atlas (TCGA) (https://portal.gdc.cancer.gov/). We used co-expression analysis, differential expression analysis, and univariate Cox regression to screen out prognostic lncRNAs associated with necroptosis in BLCA. Then the least absolute shrinkage and selection operator (LASSO) was conducted to construct the necroptosis-associated lncRNAs model. Based on this model, we also performed the Kaplan–Meier analysis and time-dependent receiver operating characteristics (ROC) to estimate the prognostic power of risk score. Multivariate and univariate Cox regression analysis were performed to build up a nomogram. Calibration curves, and time-dependent ROC were also conducted to evaluate nomogram. Principal component analysis (PCA) revealed a difference between high- and low-risk groups. In addition, we explored immune analysis, gene set enrichment analyses (GSEA), and evaluation of the half-maximal inhibitory concentration (IC50) in constructed model. Finally, the entire samples were divided into three clusters based on model of necroptosis-associated lncRNAs to further compare immunotherapy in cold and hot tumors.



Results

A model was built up based on necroptosis-associated lncRNAs. The model revealed good consistence between calibration plots and prognostic prediction. The area of 1-, 3-, and 5-year OS under the ROC curve (AUC) were 0.707, 0.679, and 0.675. Risk groups could be helpful for systemic therapy due to the markedly diverse IC50 between risk groups. To our delight, clusters could effectively identify cold and hot tumors, which would be beneficial to accurate mediation. Clusters 2 and 3 were considered the hot tumor, which was more sensitive to immunotherapeutic drugs.



Conclusions

The outcomes of our study suggested that necroptosis-associated lncRNAs could effectively predict patients with BLCA prognosis, which may be helpful for distinguishing the cold and hot tumors and improving individual treatment of BLCA.
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Introduction

Bladder cancer (BLCA) is the fourth in the incidence of tumors in men and the most common of all urological malignant tumors worldwide. More importantly, morbidity and mortality of BLCA increase with time development (1–3). Currently, the median survival time for patients with advanced BLCA is only about 14 months, even after using available therapies for bladder cancer, such as chemotherapy, radiation, surgery, and bacillus Calmette-Guerin (BCG) (4). Therefore, new effective and available therapeutic strategies are urgently needed to be found. Immunotherapy has a bright future and achieves success in the treatment of malignancies. However, low response rates remain in the treatment of immune checkpoint therapy (ICP) (5). This result is mainly due to the lack or low infiltration of tumor T cells, leading to resistance to ICP inhibitors, which is characterized as “cold tumor” (6). Therefore, improvements in immunotherapy for BLCA are urgently needed.

Necroptosis, as a form of programmed cell death, exits downstream of PRK1 and RIPK3 and forms an oligomeric compound named necrosome (7). Necroptosis has been reported to play an inhibitory role in most tumors and has been found to improve antitumor immunogenicity by proliferation of CD8+ T cells in vivo and in vitro experiments (8–10). Similarly, a nanovaccine modeling necrotic tumor cells was recently reported to enhance antitumor immunity with immunostimulation and induced a significant proliferation of NKG2D+ natural killer (NK) cells and IFN-γ-expressing CD8+ T cells (9). These studies show that necroptosis has a bright future in tumor immunotherapy.

Important regulatory roles of long noncoding RNA (lncRNA) in different physiological processes and gene expression have been found in previous studies and have involved programmed cell death (11). LncCRLA was significantly upregulated in lung adeno- carcinoma and suppressed RIPK1-ralated necroptosis by impairing interaction between RIPK1 and RIPK3 (12). MiRNAs involved miR-9 and miR-185 were released by linc00176 to downregulate target mRNAs, which led to necroptosis of hepatocellular carcinoma cells (13). Previous research reported that lncRNA could alter the resistance of cancer cells to immune response, thus immune evasion occurred (14). In the present, relevant studies has not been identified whether necroptosis-related lncRNA can be regarded as a potential therapeutic target in BLCA. Hence, more knowledge about lncRNAs associated with necroptosis are needed to clearly understand the roles of them in immunotherapy.

Although checkpoint inhibitors have also made great advances in the immunotherapy, but low response rate remains a major problem in cold tumors that lack T-cell infiltration. Exploring the question of how to distinguish cold tumors and hot tumors and turn cold tumors into hot tumors will bring hope for antitumor immunotherapy (7). Currently, lncRNAs are also considered as potential biomarkers and therapeutic targets in several tumors (15, 16). According to necroptosis-associated lncRNAs, we tried to regroup patients and effectively distinguished hot tumors to improve prognosis and achieve precision medicine in clinical practice.



Materials and Methods


Inclusion and Exclusion Criteria

The transcriptome data and clinical data of BLCA were obtained from the TCGA database. In the analysis for different indicators of clinical data, we excluded the missing data of survival time, survival status, age, gender, grade, stage and all data of TNM, respectively. To reduce errors due to statistical bias, we also excluded data on survival times of less than 30 days.



Information of Patients With BLCA Collection and Processing

Our team collected transcriptome profiling of 433 bladder samples (19 normal samples and 414 bladder tumors) with the format of HTSEQ-FPKM from the Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/). The clinical data for 413 bladder tumors were directly obtained from the TCGA clinical category. We then extracted, decompressed, and compiled the data using Perl and WinRAR software. The expression levels of mRNA and lncRNA from the TCGA database were also distinguished separately in the same way.



Identification of Necroptosis-Associated Genes and lncRNAs in BLCA

Eight necroptosis genes were found in the necroptosis gene set M24779.gmt, which was downloaded from the Gene Set Enrichment Analysis (GSEA) (http://www.gsea-msigdb.org/gsea/index.jsp). Besides, we reviewed previous reports on necrotic cell death disease, and we finally got information on 67 genes associated with necroptosis disease (Supplementary Appendix T1). Additionally, Pearson’s correlation analysis was performed between each gene associated with necroptosis and the lncRNA expressed. Necroptosis-associated lncRNAs were finally identified when a correlation coefficient >0.5 and P<0.001 with limma R packages. Then we performed a differential analysis of the lncRNAs mentioned above, 439 differentially expressed lncRNAs were also identified (Log2 fold change (FC) > 1, p < 0.05) by limma packages. Finally, we merged necroptosis-associated genes and differentially expressed lncRNAs with our clinical data downloaded from TCGA.



Construction and Evaluation of the Risk Signature for BLCA

The BLCA dataset from TCGA was randomly divided into a training risk set and a test risk set using the caret R package in a 1:1 ratio. The train set was used to construct necroptosis-associated lncRNA signatures, and the test set and the whole set were used to validate the signature. According to necroptosis-associated lncRNA expression and relevant clinical data, we conducted univariate Cox proportional hazard regression analysis to identify 34 survival-related lncRNAs for BLCA (p < 0.05). To prevent overfitting, we then subjected the Lasso regression to 10-fold cross-validation with a threshold of p-value <0.05 and 7 necroptosis-associated lncRNA were screened out to build risk model. Time-dependent receiver operating characteristic (ROC) curves for this model were plotted for 1, 3, and 5 years using a computational procedure. The detailed risk score using the following equation:

	

The coef (lncRNAk) was the abbreviation for coefficient of lncRNAs associated with survival and expr (lncRNAk) represented the expression of lncRNAs. Subgroups including low- and high-risk groups were created based on the median risk score in the TCGA cohorts. The correlation between the model and clinical factors was then analyzed using the chi-square test to assess the prognostic value of the proposed model.



Independence Risk Factors and ROC

Univariate Cox (uni-Cox) and multivariate Cox (multi-Cox) regression were performed to assess whether the risk score and clinical factors could be regarded as independent risk factors. Meanwhile, we plotted the ROC to compare the effects of different factors on prognosis.



Nomogram and Calibration

We used tumor stage, age, and risk score to build a nomogram for 1-, 3-, and 5- year OS based on R (ver.4.1.2) via the rms, survival, and regplot R packages. We also set up the calibration curve to demonstrate whether the predicted results showed good consistency with the actual situation.



Gene Set Enrichment Analyses

The gene set enrichment analyses (GSEA) software (https://www.gsea-msigdb.org/gsea/login.jsp) was utilized to find pathways significantly enriched in the risk groups with the gene set (kegg.v.7.5.1 symbols. gmt) and the threshold values were defined as p < 0.05 and FDR < 0.25.



Evaluation of the Tumor Microenvironment (TME) and Immunological Analysis

Based on the outcome of GSEA, computational methods were applied to estimate the immune-cell effects in risk groups. The immune infiltration status of patients with BLCA was analyzed from multiple immune data platforms, including XCELL, TIMER, QUANTISEQ, CIBERSORT, MCPCOUNTER, EPIC, and CIBERSORT in TIMER2.0 (http://timer.cistrome.org/). On the other hand, the limma, ggpubr, and reshape2 R packages were used to analyze immune cells and immune function scores. limma, ggtext scales, tidyverse, ggplot2, and ggpubr R packages were utilized to analyze the correlation in various immune infiltrating cells with the wilcoxon test and the results were displayed in a bubble chart. With the ggpubr R package, TME scores and immune checkpoint activation status between the low- and high-risk groups were also compared.



Exploration of Models in Clinical Treatment

We then assessed their treatment response using the R package pRRophetic based on our risk models gene expression levels and in vitro drug sensitivity in cell lines (17, 18).



Clustering Based on Prognostic lncRNAs

To explore the response of BLCA to immunotherapy, we determined to evaluate potential molecular clusters based on the model of prognostic lncRNAs through the ConsensusClusterPlus (CC) R package. We also utilized the Rtsne R package to perform principal component analysis (PCA), Kaplan–Meier survival analysis and T-distributed stochastic neighbor embedding (t-SNE). Finally, immune-related analysis and drug sensitivity were estimated using ggpubr, ggplot2, and pRRophetic R packages.




Results


Identification of lncRNAs Associated With Necroptosis in BLCA Patients

The research process was shown below (Figure 1). We extracted 19 normal samples and 414 tumor samples of BLCA from the Cancer Genome Atlas (TCGA) database. Then, we divided the gene expression data of BLCA into mRNA and lncRNA. Next, we cycled one lncRNA and one necroptosis-associated gene at a time from all lncRNA and 67 necroptosis-associated genes and performed a Pearson’s correlation test based on both expression levels in our tumor samples. Only the correlation coefficient >0.5 and the p-value <0.001, the corresponding lncRNA was saved for subsequent analysis. We finally acquired 682 necroptosis-associated lncRNAs (Figure 2A and Supplementary Appendix T2). Meanwhile, we performed differential expression analysis and 439 variously expressed lncRNAs (|Log2FC| > 1, p < 0.05 and FDR<0.05) were screened out between bladder cancer and normal tissues (Figure 2B).




Figure 1 | Research process.






Figure 2 | Identification of necroptosis-associated lncRNAs in BLCA patients. The co-expressed relationship between necroptosis genes (NRG) and lncRNAs (correlation coefficients > 0.5 and p < 0.001) (A). The volcano plot of 439 necroptosis-associated lncRNAs with differential expression (|Log2FC| > 1, p < 0.05) (B).





Construction of the Risk Assessment Model and Validation

Based on univariate Cox (uni-Cox) regression analysis, we discovered 34 lncRNAs associated with necroptosis were significantly related with overall survival (OS) (p < 0.05) and produced a forest map and a heat map (Figures 3A, B). 34 necroptosis-related lncRNAs and their 6 co-expression necroptosis genes were shown in the Sankey plot and there was a positive regulatory relationship between 34 lncRNAs and their co-expression necroptosis genes (Figure 3E). To prevent overfitting of our model, we executed the Lasso regression on these lncRNAs, and 7 lncRNAs associated with necroptosis in BLCA were extracted when the first-rank value of Log(λ) was the least deviation possibility (Figures 3C, D).




Figure 3 | Prognosis of lncRNAs associated with necroptosis in BLCA. The forest plot shows prognostic lncRNAs using univariate Cox regression analysis (red:HR>1 green:HR<1) (A). The heat map of 34 prognostic lncRNAs (B). The 10-fold cross-validation for varying selection in the LASSO regression (C). The profile of the LASSO coefficient of 7 necroptosis-associated lncRNAs (D). The necroptosis genes and 34 related lncRNAs Sankey graph (E). (*: p < 0.05, **: p < 0.01, and ***: p < 0.001).



Multivariate Cox regression was applied to calculate the risk score with the fo-rmula: risk score = UBE2Q1-AS1 × (-0.8519) + FKBP14-AS1 × (1.6238) + AC068196.1 × (−1.8468) + AC025178.1 × (-0.6533) + LINC02178 × (0.1783) + AC021321.1 × (−0.7456) + AC004951.1 × (3.3758).

With the results of the risk score formula, we divided the patients into low- and high- risk groups with the median risk score. We compared the distribution of risk score, patient survival status, survival time, and OS in low-risk and high-risk groups in the train, test, and full group, respectively. We found that high-risk groups had higher risk scores, shorter survival time, and lower survival probability. These results suggested a poorer prognosis in the high-risk group (Figures 4A–L). In addition, to validate our grouping model, the same results were also obtained for conventional tumor stage (Figures 4M, N).




Figure 4 | Prognosis value of the 7 necroptosis-associated lncRNAs model in the train, test, and full groups, respectively. The distribution of risk scores (A–C), survival time and survival status in the train, test, and full groups (D–F). Heat maps of 7 lncRNA expression in the train, test, and full groups (G–I). Kaplan–Meier survival curves of survival probability (OS) of patients in the train, test, and full groups (J–L). Kaplan–Meier survival curves of survival probability (OS) prognostic value for the constructed model in the full groups with tumor stage (M–N).





Construction of Nomogram

The hazard ratio (HR) and 95% confidence interval (CI) for risk scores were1.231 and 1.164–1.303 (p < 0.001) in the univariate Cox regression and 1.218 and 1.149–1.291 (p <0.001) in the multivariate Cox regression, respectively. Besides, the other two independent prognostic indicators involved age (1.032 and 1.015-1.048; p <0.001) and stage (1.626 and 1.333–1.983; p<0.001) were also observed (Figures 5A, B). Based on three independent prognostic parameters including risk score, age, and tumor stage (p < 0.01 in multi-Cox), a nomogram was constructed to forecast the incidences of OS at 1, 3 and 5 years in BLCA patients (Figure 5C). The 1-, 3-, and 5-year calibration plots were used to demonstrate that the nomogram was in good agreement with the prediction of OS at 1, 3 and 5 years (Figure 5D).




Figure 5 | Nomogram of the risk model. Cox analyzes of clinical characteristics and risk score with OS (Uni- and multi-Cox in A, B). The nomogram that combined age, the risk score, and tumor stage forecasted the 1-, 3-, and 5-year OS probabilities. (C) The 1-, 3-, and 5-year OS calibration curves (D).





Evaluation of Risk Models

Then the sensitivity and specificity of the constructed model was assessed for prognosis via time-dependent receiver operating characteristics (ROC). The acreages under the ROC curve (AUC) were used to exemplify ROC results. The 1-, 3-, and 5-year AUC of the whole group were 0.707, 0.679, and 0.675 (Figures 6A). In the above ROC of risk model, risk score (0.707) showed primary predictive power compared other clinical indicators including age (0.662), gender (0.479), grade (0.529) and stage (0.641) (Figure 6B).




Figure 6 | The 1-, 3-, and 5-year ROC curves of the whole group (A). The 5-year ROC curves of the risk score and clinical factors (B).





GSEA

Our team also explored the KEGG pathways in the high-risk group of TCGA-BLCA cohort using GSEA software to explore discrepancies in biological functions between risk groups (Supplementary Figure S4). The pathways enriched in the high-risk group revealed biological functions highly correlated with tumor invasion and immune function, such as complement and coagulation cascades and leukocyte transendothelial migration (p<0.05) (Figure 7). Therefore, the subsequent immune correlation analysis should be explored in our model.




Figure 7 | GSEA of the 10 pathways significantly enriched in the high-risk group.





The Exploration of Immunological Factors and Clinical Treatment in Risk Groups

To further research the correlation between the prognosis of risk groups and immune infiltration status, we performed the analysis on different immune filtration platforms. Although the algorithms were different for each platform and the immune data are not completely identical for the high and low risk groups, we can conclude that a large number of immune cells were concentrated in the high risk group, such as B cells, macrophage in TIMER, T cell CD4+ naive, T cell CD8 + in XCELL, T cell CD8+, myeloid dendritic cell in MCPCOUNTER, T cell CD8+, Neutrophil in QUANTISEQ and T cell CD4 + in EPIC (all p < 0.05) (Figure 8A and Supplementary Appendix T3). In addition, ssGSEA scores of major immune cells and immune function were also compared between the high- and low-risk groups (Figures 8B, C). All of above indicated a higher immune infiltration status and more immune functions in the high-risk group. The high-risk group also showed a higher ESTIMAT (microenvironment) score and an immune score, revealing that the high-risk group had a higher overall immune level and immunogenicity of TME than the low-risk group (Figure 8D). Additionally, most immune checkpoints were markedly up-regulated in the high-risk group (Figure 8E). This suggested that we could select proper checkpoint blockers for BLCA patients in high-risk group. Based on the gene expression levels in our risk model, we also screened 47 chemical or targeted drugs, which had lower IC50 values in the high-risk group with a higher immune score than low-risk group (Supplementary Figure S1).




Figure 8 | The exploration of tumor immune characteristics and immunotherapy. The immune cell bubble of risk groups (A). Differences of immune cells and immune function between low- and high-risk groups (B, C). Comparison of StromalScore, ImmuneScore, and ESTIMATEScore between low and high risk groups (D). Distinctions of 32 immune checkpoints gene expression in risk groups (E). (*: p < 0.05, **: p < 0.01, and ***: p < 0.001).





Precision Medicine for Tumor Staging and Clustering

Previous studies have shown that there were different subtypes of tumors with a diverse immune microenvironment, which caused different immunotherapeutic reactions (19). According to necroptosis-related lncRNAs, patients could be divided into three clusters utilizing the Consensus ClusterPlus R package (Figure 9A and Supplementary Figure S2). T-distributed stochastic neighbor embedding (t-SNE) suggested three clusters and risk groups could be identified clearly (Figures 9B, C). Additionally, we used principal component analyses (PCA) to confirm that different PCA exited in both risk groups and clusters (Figures 9D, E). Furthermore, Kaplan–Meier analysis shown cluster 1 had better OS and cluster3 had worse OS (p=0.002) (Figure 9F). A graph was also made in order to understand its correlation with risk. Cluster 1 was significantly related with the low-risk group, and cluster 2 and cluster3 were related with the high-risk group (Figure 9G). According to the analysis of the different platforms, cluster 2 and 3 were more infiltrated by immune cells (Figure 9H) (Supplementary Appendix T4). Cluster 2 and 3 also had a higher immune score and a higher ESTIMAT (microenvironment) score, indicating a different TME than cluster 1 (Figure 9I). Most of the immune checkpoints in clusters 2 and 3 expressed higher activity, such as CD274 (PD-L1), LAG3 and HAVCR2(TIM-3) (Figure 9J). The above results suggested that immunotherapy could be helpful for patients in cluster 2 and cluster3 of the risk group. Previous studies have shown that infiltration of multiple immune cells, activation of CD274 (PD-L1), LAG3 and HAVCR2(TIM-3) and high immune scores played a crucial role in hot tumor (20). Consequently, we could regard cluster 2 and 3 as the hot tumor and cluster1 as the cold tumor. This classification might lead to different immunotherapeutic responses. Under the concept of cold and hot tumors, immunotherapy has a more active role in cluster 2 and 3. By comparing drug sensitivities, we found that multiple drugs including immunotherapeutic drugs as well as chemotherapeutic or targeted drugs exhibited different IC50 in BLCA clusters (Supplementary Figure S3). The above results may further help us to improve the research of immunotherapies and the appropriate application of patients with BLCA.




Figure 9 | Immunotherapy prediction and differences between cold and hot tumors. Patients regrouped three clusters via ConsensusClusterPlus (A). The t-SNE of three clusters and risk groups (B, C). The PCA of risk groups and clusters (D, E). Clustered Kaplan–Meier survival curves for OS (F). The connection between risk groups and clusters (G). Clusters of immunological cells on a heat map (H). Comparison of immune-related scores among three clusters (I). The distinction of 32 immune checkpoints expression in clusters (J). (*: p < 0.05, **: p < 0.01, and ***: p < 0.001).






Discussion

Immunotherapy related with immune checkpoint inhibitors (ICI) has led to a significant improvement in the clinical treatment of malignancy. However, the efficacy is poor for tumors with immunosuppressive TME. We found that infiltration of T cells is a prerequisite for ICI-mediated antitumor responses. CD8+ T cells can kill cancer cells by releasing GNLY or GZM and PRF1 and enhance immunotherapy through the PD-1/PD-L1 immunosuppressive axis, helping to break immune tolerance. Consequently, ICI is inadequate against “cold tumors” that lack T-cell infiltration. Hot tumors are generally characterized by high T-cell infiltration and a high immune score. Therefore, relevant immunotherapy has achieved good results in the clinical treatment of hot tumors. To ensure clinical treatment of immunotherapy, it is vital to differentiate between cold and hot tumors and turn cold tumors into hot tumors (20, 21).

In our work, we regrouped patients into low- and high-risk groups through the model of 7 lncRNAs associated with necroptosis via Lasso regression when the first-rank value of Log(λ) was the least deviation possibility and performed several assessments such as Kaplan-Meier analysis, prognostic analysis, GSEA and IC50 prediction. In 1-, 3-, and 5-year ROC curves, the area under the ROC curve was all higher than 0.65. In ROC curves of risk scores and traditional clinical factors, the area of risk scores under the ROC curve was higher than our conventional clinical indicators. Compared with current models, such as model of N6-methylandenosine-related lncRNAs, our model predicts 1, 3, and 5-year survival rates with higher accuracy than N6-methylandenosine-related lncRNAs model (22). All of these results showed the rationality and superiority of our 7 lncRNAs model. Although risk groups were expected to be of great value for tumor prognosis and systemic therapy, we were unable to identify hot and cold tumors. Different molecular subtypes, also known as clusters, have been reported to be associated with diverse immune status and TME, which caused different prognosis and immunotherapeutic response (19). And lncRNAs have been identified as a tumor biomarker in previous studies (15, 16). Therefore, we classified patients into three clusters based on the expression of these lncRNAs. We found that the three clusters had different immune microenvironments. Clusters 2 and 3 had more highly infiltrated CD8 T cells, higher immune scores and higher activity of CD274, LAG3 and HAVCR2 compared to cluster 1 with immunosuppressive TME, which could be regarded as hot tumors (20, 21). More importantly, clusters 2 and 3 were more sensitive to immunotherapeutic drugs. In conclusion, necroptosis-associated lncRNAs not only can predict the prognosis and contribute to individual therapy, but also can swiftly and readily distinguish between cold and hot tumors (23, 24).

We also found some of these lncRNAs associated with known genes including ATRX, BRAF, GATA3, OUTLIN, and TSCL in the Sankey diagram. ATRX can promote immunogenicity and anti-cancer immunity by affecting DNA damage repair pathways (25). The BRAF signaling pathway can induce immunosuppressive factors to evade the immune system. The immunosuppressive factors can be reduced by blocking BRAF signaling to further improve the tumor microenvironment and make it more prone to T cell infiltration (26). GATA3 has been reported to be a major regulator of TH2 cells, contributing to the efficient transcription of encoded cytokines by TH2 cells such as IL-4, IL-5, and IL-13 (27). The GATA3-AS1 lncRNA promotes tumor progression and immune evasion by stabilizing PD-L1 protein and degrading GATA3 protein (14). This result may provide new targets for the treatment of BLCA. OUTLIN is thought to influence the level of ubiquitination. The lack of OUTLIN will lead to NF-κB activation and the production of excessive pro-inflammatory cytokines (28). TSCL plays an important role in the regulation of peripheral naïve CD8+ T cell survival and homeostasis in vivo (29). The necrosis-associated lncRNAs we got can regulate the tumor microenvironment associated with immunity and inflammation, which helps us to have a better mechanistic understanding of BLCA and bring breakthroughs into subsequent clinical practice.

Our study also has some deficiencies. First, as a retrospective study, it is susceptible to its own inherent bias (30). Second, we obtained our lncRNA risk signature from the public dataset TCGA. On the other hand, we searched many databases, such as GSE13507 in the GEO database. But we could not get appropriate information of lncRNAs. We suspected that commercial microarray data had biases and restrictions when compared to TCGA data. However, the data for our immune cell bubble map come from multiple platforms, which could be used as a validation of the external data. In our study, the ratio of tumor samples to normal samples was unbalanced (414 vs 19), which may have influenced the precision of the functional enrichment analysis. Besides, the molecular mechanisms of necroptosis-associated lncRNAs included in our signature are still unknown, and subsequent basic experiments are needed to explore specific molecular mechanisms. Encouragingly, only tumor samples with available clinical data were used in univariate and multivariate analyses for constructing necroptosis-associated lncRNA risk signatures, so the limited number of normal samples had no effect on the accuracy and reliability of our constructed model, and our model is amenable to future clinical testing.

In conclusion, we constructed a novel necroptosis-related lncRNA signature with good specificity and sensitivity for predicting survival prognosis and response to immunotherapy in patients with BLCA. Importantly, hot and cold tumors could be discriminated on the basis of these lncRNAs to further achieve precision medicine.



Conclusions

Necrosis-associated lncRNAs could predict survival prognosis and help identify cold and hot tumors to further suggest effective therapeutic strategies, resulting in great advances in individual therapy and patient prognosis. Therefore, we could overcome systemic therapeutic failures and improve the efficacy of immunotherapy by targeting necroptosis-associated lncRNAs. As a result, the regulatory mechanism network among immunity, necroptosis, lncRNAs in BLCA deserve to be fully clarified and validated.
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