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Purpose

Photodynamic therapy (PDT) is an innovative non-invasive therapy for human cancer treatment. The significance of apoptosis-related genes (ARGs) in the prognosis of bladder cancer (BLCA) has gradually emerged. Therefore, this study aims to investigate the prognostic significance and pathogenesis of PDT related genes (PDTRGs)-ARGs in BLCA cases.





Methods

Based on the BLCA data in TCGA, PDTRGs-ARGs with prognostic value in BLCA patients were screened. Subsequently, the prognostic value and diagnostic performance of all candidate genes were evaluated by univariate Cox regression analysis and ROC curves. Then, GSEA, GSVA and immune microenvironment analysis were conducted based on candidate genes. Finally, the molecular mechanisms of key candidate genes in BLCA patients were initially explored by qRT-PCR, CCK-8 analysis, Transwell Assay and Western Blotting.





Results

A total of 5 ARGs-PDTRGs (EMP1, FGFR1, PLPPR4, JUN, TNFRSF25) were screened as prognostic biomarkers for BLCA. Survival analysis revealed significant differences in overall survival of the five prognostic biomarkers in the high/low expression groups. ROC curve analysis revealed that the five prognostic biomarkers had strong prognostic predictive ability. QRT-PCR proved that the expression of EMP1, FGFR1, PLPPR4 and JUN was obviously reduced, while TNFRSF25 was markedly increased in BLCA tissue samples and cell lines. The following research confirmed that FGFR1 inhibited the biological process of T24 cells by activating cGMP-PKG pathway.





Conclusion

Five ARGs-PDTRGs (EMP1, FGFR1, PLPPR4, JUN, TNFRSF25) were screened as prognostic biomarkers for BLCA. Among them, FGFR1 inhibits the biological process of T24 cells via activating cGMP-PKG pathway.
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1 Introduction

Bladder cancer (BLCA) has a high incidence and mortality, which brings a huge economic burden to the patient’s family and society (1). Smoking, occupational exposure and schistosomiasis infection are the main risk factors for BLCA (2). Studies have shown that BLCA accounts for 5%-10% of all cancers in men, with a higher incidence than in women (3). BLCA mainly occurs in the urothelial epithelium, including myogenic bladder cancer (MIBC) and non-myogenic prostate cancer (NMIBC). Among them, NMIBC accounts for about 4/5 of BLCA, and its treatment strategy is mainly radical treatment combined with systemic therapy (4, 5). However, detection of early-stage tumors is still insufficient, and current treatment strategies have not significantly improved the overall survival rate of BLCA patients (6). Accordingly, it is necessary to explore novel prognostic biomarkers in BLCA tumorigenesis, so as to provide new treatment options for BLCA patients (7).

Photodynamic therapy (PDT) is a non-invasive and innovative therapy that utilizes photosensitizers to generate reactive oxygen species clusters upon photoactivation, thereby inducing targeted cell death (8, 9). PDT is well tolerated in clinical patients and is increasingly used in the treatment of human cancers, including bladder cancer (10, 11). For example, the photosensitizer 5-aminolevulinic acid (5-ALA) has been studied for screening NMIBC patients before and after transurethral resection of bladder tumors (TURBT) (12). Currently, PDT is considered an important treatment option for combination therapy (13). PDT was combined with intravesical chemotherapy or systemic therapy to improve local tumor control (11). Therefore, further research and exploration of PDT will contribute to the development of new treatment plans for BLCA.

Apoptosis pathway is a basic biological phenomenon that occurs regularly in cells and plays a key role in maintaining cell and tissue homeostasis (14, 15). However, if this balance is disrupted, it will directly or indirectly lead to the occurrence of a variety of diseases (16). More and more studies are devoted to exploring the value of apoptosis-related genes (ARGs) in cancer (17, 18). One study found that YWHAQ, MAP2K1, EGFR and SCAPN14 were related to the prognosis of BLCA (19). Although scholars are paying increasing attention to the function of ARGs in various human tumors, the prognostic value of PDT associated genes (PDTGs) -ARGs in BLCA remains unclear. Therefore, this research aims to investigate the prognostic significance and its mechanism of PDTGs-ARGs in BLCA patients.

For this study, differentially expressed ARGs-photodynamic therapy related genes (PDTRGs) in BLCA patients were screened from numerous cohorts, and genes with prognostic value were further identified and validated by least absolute shrinkage and selection operator (LASSO) regression analysis. Besides, the mechanism and immune microenvironment of prognostic markers were explored. Moreover, the expression level of prognostic markers was validated in BLCA tissue samples and cell lines. It is worth noting that we also preliminarily explored the pathway of FGFR1 in BLCA. This research aimed to identify novel prognostic biomarkers, explore their role in the pathogenesis of BLCA, understand their relationship with the immune microenvironment, and lay the foundation for prolonging the survival of BLCA patients.




2 Methods



2.1 Differential expression genes identification

The mRNA expression profile, clinical information and survival information of BLCA were obtained from The Cancer Genome Atlas (TCGA) database as a training set. After pretreatment, 398 BLCA specimens and 19 normal control specimens were retained. The GSE13507 dataset was obtained from the Gene Expression Omnibus (GEO) database as a validation set, including 188 BLCA specimens and 68 normal specimens. Besides, the genes related to photodynamic therapy were searched in GeneCards database with the keyword “Photodynamic therapy”, and screened using a relevance score>0.7 as the threshold, resulting in a total of 210 PDTRGs. Moreover, a search was conducted in the MSigDB database using the keyword “Apoptosis”, and five sets of ARGs were downloaded, including “HALLMARK-APOPTOSIS.v2024.1.Hs”, “ALCALA-APOPTOSIC.v2024.1.Hs”, “KEGG-APOPTOSIS.v2024.1.Hs”, “WP-APOPTOSIS.v2024.1.Hs”, and “REACTOME-APOPTOSIS.v2024.1.Hs”, and a total of 463 ARGs were obtained after deduplication.

Next, R package “limma” (20, 21)was used to analyze the DEGs between tumor specimens and normal specimens in the TCGA-BLCA datase.




2.2 Weighted gene co-expression network analysis and candidate gene screening

The samples were grouped as traits and analyzed by R package “WGCNA” to screen BLCA-related module genes. The module most related to BLCA was selected as the key module, screen the crucial genes in the key module according to the criteria of |GS|>0.2, and recorded as the BLCA-related module genes. Next, DEGs intersect with ARGs and PDTRGs respectively to obtain DEGs-ARGs and DEGs-PDTRGs. Then the pearson correlation (cor) between the two genes was calculated, and all DEGs-ARGs and DEGs-PDTRGs with |cor| > 0.3 were denoted as DEGs-ARGs-PDTRGs. Then, take the intersection of DEGs-ARGs-PDTRGs and the module genes obtained from WGCNA analysis, and record them as candidate genes for subsequent analysis.




2.3 Functional enrichment analysis and protein-protein interaction (PPI) network analysis

To reveal the potential mechanisms of candidate genes, Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) functional enrichment of the above candidate genes were conducted using the R-package “clusterProfiler” (22). In addition, PPI relationship among key genes was obtained through the STRING database, and a PPI network was mapped.




2.4 Screening and validation of prognostic biomarkers

To assess the association between key genes and patient survival, univariate Cox regression analysis was conducted on key genes in TCGA-BLCA dataset, and key genes with prognostic value were obtained (P ≤ 0.05). The selected genes were then analyzed by LASSO regression and 10x cross-validation was employed to identify prognostic biomarkers in patients (23, 24). Besides, Kaplan-Meier (K-M) survival analysis was employed on the high and low level groups of biomarkers using R package survival. To evaluate the diagnostic performance of biomarkers, receiver operating characteristic (ROC) curves were plotted for the biomarker (25). The expression and diagnosis of the biomarkers were then verified separately in the validation set GSE13507.




2.5 GSEA and GSVA enrichment analysis

Based on the MSigDB database, single gene GSEA analysis was conducted on markers in the TCGA-BLCA dataset to investigate the significant enrichment pathway of the biomarker. Besides, 17 immune response pathways in the Immport database were used as background gene sets for enrichment score calculation. R-packet limma difference analysis was used to screen out the different immune response pathways between the two groups of samples, calculate the association between markers and different immune response pathways.




2.6 Immune microenvironment analysis

In the training set, CIBERSORT was employed to assess the proportion of immunoinfiltrating cell types in patients. The differences between two groups of immune infiltrating cells were analyzed using Wilcoxon test, and Spearman was applied to analyze the association between biomarkers and immune cells.




2.7 Clinical samples and cells

Fifty-four patients who underwent radical resection of BLCA in our hospital were enrolled. During the operation, BLCA tissue specimens and adjacent tissue specimens (≥5 cm from cancer tissue) of all patients were collected. The study was approved by the Clinical Research Ethics Committee of our hospital, and subjects signed informed consent. Human BLCA cell lines T24, J82 and normal uroepithelial cells SV-HUC-1 were obtained from the ATCC Repository in the United States. All cells were incubated in DMEM medium containing double antibody (1×105U/L penicillin, 100mg/L streptomycin) and 10% fetal bovine serum, and then cultured in a 5% CO2 incubator at 37 °C. FGFR1 overexpression vector PCDNA3.1-FGFR1 (OE-FGFR1) and negative control pcDNA3.1 vector(NC) were provided via Hanbio (Shanghai, China). Cell transfection was conducted according to the Lipofectamine TM2000 manual, and the cells were incubated for 48 hours for further study.




2.8 qRT-PCR

Based on the operation manual, total RNA was isolated from cells and tissues using Trizol reagents. 2μg total RNA was synthesized into cDNA according to the instructions of Prime ScriptTM RT kit, which was employed as a template for qRT-PCR reaction using SYBR Green PCR kit. The relative gene expression was calculated by The 2-△△Ct method was applied to calculate the relative gene expression, and GAPDH as the internal reference.




2.9 Cell proliferation analysis

The transfected cell suspension was laid on 96-well plates with a density of 2 × 103 cells each well, and three accessory wells were set up in each group. After cell attachment, marked as 0h, the cells were incubated for 0, 24, 48 and 72 h, respectively. Then, the cells were treated with 10μL CCK-8 reagent and incubated for 2 hours. Measure the absorbance at 450 nm using a microplate reader (TECAN, Mechelen, Belgium).




2.10 Transwell assay

Cells were collected from each group, and then and then 500 μ L of cell suspension was joined in the upper chamber of transwell, and 500μL of medium (containing 10% fetal bovine serum) was joined in the lower chamber. The cells were incubated for 24 h at constant temperature, then the cells were fixed with 4% paraformaldehyde for 15 min, stained with crystal violet for 20 min, and the cells in the bright field of vision were observed under an inverted microscope. Invasion assay: Matrigel was diluted in proportion, and 50μL dilution was spread on the bottom of the upper chamber of the transwell and cultured for 5 hours until solidification. The following experiments were performed as migration assay.




2.11 Western blotting

Cells in every group were obtained and total protein was extracted via RIPA protein lysate (ProMab Biotechnology, USA). The BCA kit (CWBio) was applied to measure protein concentration, the protein samples were treated via 10% SDS-PAGE gel electrophoresis, and next, move onto PVDF membrane (CWBio) via semi-dry method. After 2 hours of closed culture with 5% skim milk powder, the corresponding diluted primary antibody was joined and cultured at 4°C for 12 h, followed by the diluted secondary antibody was joined and cultured at 37 °C for 2 h. After 3 times of washing with PBS, the chemiluminescent developer ECL was added for development. Using GAPDH as internal reference gene.




2.12 Statistical analysis

R 4.3.3, GraphPad Prism 9.5 and SPSS 22.0 were employed for data handling, plotting and statistical analysis. Wilcoxon rank sum test or T test were employed to compare continuous variables. The comparison of categorical variables was performed by chi-square test. Pearson correlation coefficient was applied to assess the correlation between two continuous variables. The R package “pROC” plots the ROC curve and calculates the AUC separately to evaluate the diagnostic performance of each biomarker. Data were shown as mean ± standard deviation (SD). Each group of experiments was repeated three times., and P less than 0.05 was supposed obviously significant.





3 Results



3.1 Screening of DEGs

In this project, a total of 1630 DEGs were screened based on tumor samples and normal samples from the TCGA-BLCA dataset, containing 866 down-regulated genes and 764 up-regulated genes (Figure 1A). The heatmap shows the expression of DEGs in tumor specimens and normal specimens, and it can be seen that all DEGs can be well separated by group (Figure 1B).

[image: Panel A shows a volcano plot with log2 fold change on the x-axis and negative log10 p-values on the y-axis, highlighting significant genes in colors from red to blue. Panel B presents a heatmap with density and expression levels of differentially expressed genes, grouped by normal and tumor samples, using a color gradient from red to blue.]
Figure 1 | Identification of DEGs. (A) Volcanic plot of DEGs. Each dot represents a gene, and the color of the dot represents the significance of the differential gene, ranging from blue to red, and the reder the color, the more significant the gene is. According to the reference line, the genes in the upper right corner were up-regulated DEGs, the genes in the upper left corner were down-regulated DEGs, and the remaining genes were no difference genes. The labeled genes in the figure are the ten most significant genes. (B) Heat map of DEGs. In the annotation bar above, green represents normal samples and pink represents tumor samples; the color gradient in the central density heatmap indicates sample expression density, with darker red signifying higher density; the gray bar annotation indicates sample size; in the heatmap below, the x-axis represents samples, the y-axis represents genes, red denotes highly expressed genes, and blue denotes lowly expressed genes.




3.2 Screening of candidate genes

In this study, sample grouping was used for WGCNA analysis, and BLCA-related module genes were screened. First, we determined the soft threshold of the data. After calculation, the optimal soft threshold was determined to be 7 (Figure 2A). Then, according to the standard of hybrid dynamic shear tree, the modules are divided into 26 modules (Figure 2B). As shown in Figure 2C, in the correlation heat map, MEsteelblue showed a high correlation with the Tumor group samples (cor=-0.33& P=6e-12), and could be used as a key module. 1544 module genes were screened using |GS| > 0.2 as the criterion. To screen for ARGs and PDTRGs significantly associated with BLCA, DEGs were intersected with ARGs and PDTRGs, respectively, resulting in 35 DEGs-ARGs (Figure 2D) and 61 DEGs-PDTRGs (Figure 2E). Then, pearson correlation between DEGs-ARGs and DEGs-PDTRGs was calculated. Among them, all the DEGs-ARGs and DEGs-PDTRGs with |cor| > 0.3 were selected as DEGS-ARGS-PDTRGs, and there were 84 DEGS-ARGS-PDTRGs. They were intersected with Model Genes, and the 21 intersection genes obtained were used in the next study (Figure 2F).

[image: Composite image displaying several analyses: Panel A shows graphs of scale independence and mean connectivity as functions of soft threshold power. Panel B features a gene dendrogram with colored module assignments. Panel C presents a heatmap of module-trait relationships. Panels D, E, and F display Venn diagrams illustrating overlaps among different gene sets, labeled DEG, PTRG, ARG, ModuleGene, and DEG_ARG_PTRG.]
Figure 2 | Screening of candidate genes. (A) Map of the scale-free soft threshold distribution. When R² reaches 0.85 (marked by the red line), the soft threshold tends to stabilize. At this point, the value 7 is closest to the 0.85 threshold. Additionally, when the mean connectivity approaches 0, the corresponding soft threshold is also 7. Therefore, we selected 7 as the optimal soft threshold. (B) Merging graph of gene clustering and module partitioning. Different colors represent different modules, and gray is the default for genes that cannot be classified in any module. (C) Heatmap of module and trait correlation. Red represents positive correlation, green represents negative correlation, and the depth of color represents the degree of correlation. (D) Venn plot of DEGs and PDTRGs. (E) Venn diagram of DEGs and ARGs. (F) Venn plot of Model Genes versus DEGs-ARGs-PDTRGs.




3.3 KEGG and GO enrichment analysis

KEGG enrichment analysis revealed that 149 KEGG pathways were markedly enriched (P<0.05). The cluster tree map demonstrated that the significant TOP15 pathway, and 21 crucial genes were mainly participated in the MAPK signaling pathway. and the significant TOP15 pathways were visualized by cluster tree diagram, and it was found that 21 candidate genes were mainly involved in MAPK signaling pathway. Breast cancer, Epstein-Barr virus infection, and Hepatitis B pathways (Figure 3A). GO enrichment analysis proved that 21 crucial genes were mainly participated in epigenesis migration (BP), cAMP dependent protein kinase (CC), and ubiquitin protein ligase binding (MF) processes (Figures 3B-D). Meanwhile, PPI relationships between candidate genes were obtained through the STRING database, resulting in a total of 27 PPI relationships for 17 genes (Supplementary Figure 1).

[image: Hierarchical clustering of pathways and gene ontology terms visualized in four panels labeled A, B, C, and D. Each panel shows branching pathways, color-coded clusters, and dot plots indicating the number of genes and adjusted p-values. The dot size represents the gene count, while the color gradient reflects statistical significance. Different biological processes and pathways are labeled alongside each branch, providing insights into gene interactions and functionality.]
Figure 3 | KEGG and GO enrichment analysis. (A) Cluster tree diagram of KEGG enrichment analysis. The size of the node represents the number of enriched genes. The larger the node, the more enriched genes. The node color indicates the salience of pathway enrichment, with the more red the color, the more significant. (B) Cluster tree diagram of GO (BP) enrichment results. (C) Cluster tree diagram of GO (CC) enrichment results. (D) Cluster tree diagram of GO (MF) enrichment results.




3.4 Screening and validation of prognostic biomarkers

Univariate Cox regression analysis of crucial genes in the TCGA-BLCA dataset identified six genes with prognostic significance, including EMP1, GSN, FGFR1, PLPPR4, JUN, and TNFRSF25 (Figure 4A). Subsequently, LASSO regression analysis was conducted on six crucial genes, and it was ultimately determined that EMP1, FGFR1, PLPPR4, JUN, and TNFRSF25 genes could serve as prognostic biomarkers (Figures 4B, C). In addition, patients were classified into different groups based on the expression of these five prognostic biomarkers, and the analysis revealed survival differences between the different groups (P< 0.05, Figures 4D–H). Among them, EMP1, FGFR1, PLPPR4 and JUN high expression group had a lower survival rate, while TNFRSF25 high expression group showed the opposite trend (Figures 4D–H).

[image: Forest plot displaying hazard ratios and p-values for six genes, including EMP1 and FGFR1. LASSO coefficient and deviance plots are shown. Kaplan-Meier survival curves for EMP1, FGFR1, PLPPR4, JUN, and TNFRSF25 illustrate overall survival differences between high and low-risk groups, with varied survival probabilities over 15 years.]
Figure 4 | Screening and prognostic value of prognostic biomarkers. (A) Forest plot of univariate Cox regression analysis results. The leftmost column displays the selected genes, while the second and third columns present their corresponding P-values and HR (Hazard Ratio) values respectively. The HR values are followed by their 95% confidence intervals in parentheses. In the right-side figure, the red/green squares represent HR values, with the flanking line segments indicating the 95% confidence intervals of the HR values. (B, C), LASSO regression analysis results. In Panel (B), the position of the left dashed line indicates the point of minimum cross-validation error. Based on this position (lambda.min), the corresponding log(Lambda) value on the horizontal axis is determined. The top of the panel displays the number of key genes, which is 5. After identifying the optimal log(Lambda) value, the corresponding gene and its coefficient can be located in Panel (C). (D–H) K–M survival curves for five prognostic biomarkers, with the horizontal axis representing total survival time (years) and the vertical axis representing survival probability; Red represents the high expression group, blue represents the low expression group. (D) EMP1; (E) FGFR1; (F) PLPPR4; (G) JUN; (H) TNFRSF25.

Draw ROC curves of biomarkers in the training set TCGA-BLCA and assess the diagnostic significance of each biomarker. The results showed that all five prognostic biomarkers had good diagnostic value (AUC>0.8, Figure 5A) in the training set TCGA-BLCA. At the same time, the five prognostic biomarkers also had good diagnostic value in the validation set (AUC>0.7, Figure 5B). Additionally, the expressions of EMP1, FGFR1, PLPPR4, JUN, and TNFRSF25 were significantly different between the training set and the validation set, and the difference trend was consistent (P<0.05, Figures 5C, D).

[image: Graphs showing ROC curves and box plots for gene expression analysis. Panel A and B display ROC curves for key genes with AUC values, indicating predictive accuracy. Panel C and D consist of box plots comparing expression levels of genes like EMP1, FGFR1, and others between normal (blue) and tumor (red) groups, with p-values denoting statistical significance.]
Figure 5 | Diagnostic value and expression of prognostic biomarkers. (A, B), ROC curve analysis of prognostic biomarkers. The area under the curve is called AUC (Area Under the Curve), which indicates prediction accuracy. The higher the AUC value (i.e., the larger the area under the curve), the higher the prediction accuracy. (A) Training set TCGA-BLCA; (B) Validation set GSE13507. (C, D), Differential expression analysis of prognostic biomarkers. (C) Training set TCGA-BLCA; (D) Verification set GSE13507.




3.5 GSEA and GSVA enrichment analysis

The GSEA algorithm was employed to further investigate the potential biological mechanisms of prognostic biomarkers and visualize the TOP10 KEGG pathways (Supplementary Figures 2A–E). Among them, FGFR1 mainly participates in ribosome, cytoskeleton in muscle cells, oxidative phosphorylation, cGMP-PKG signaling pathway and other pathways (Supplementary Figure 2E). Eleven immune response pathways with significant differences between different groups were screened by GSVA algorithm, among which the Interferon-Receptor pathway was upregulated in the cancer group, while the remaining 10 response pathways were downregulated in the cancer group (Figure 6A). Besides, the enrichment scores of 11 immune response pathways are shown in Figure 6B. Moreover, correlation analysis between the five genes and differential immune response pathways revealed that FGFR1 was mainly negatively correlated with Cytokine Receptors, TCR signaling Pathway, Antimicrobials and other pathways (Figure 6C).

[image: Panel A shows a bar graph illustrating the significance of various pathways in differentiating tumor from normal tissue using negative log ten p-values of GSVA scores. Panel B features a clustered heatmap displaying the expression of pathways across tumor and normal samples, color-coded by group. Panel C is a correlation heatmap between gene expressions and pathways, with correlation values ranging from negative one to 0.10, indicated by a color scale.]
Figure 6 | GSVA enrichment analysis. (A) Immune response pathways with significant differences between groups. The left column is the immune response pathway downregulated in the Tumor group. The right column is the immune response pathway upregulated in the Tumor group. Longer columns indicate more significant differences in this pathway between groups. (B) enrichment scores of immune response pathways with significant differences between groups. (C) Correlation between immune response pathways with significant differences and prognostic biomarkers. The horizontal axis represents biomarkers, and the vertical axis represents immune response pathways. Color indicates the magnitude of correlation, red indicates negative correlation, blue indicates positive correlation, the darker the color, the stronger the correlation. *P<0.05; **P<0.01.




3.6 Immune microenvironment analysis

First, Figure 7A presents the relative proportions of the 22 immune cells in each tumor sample. Next, an analysis of the relative proportions of 22 immune cells found that the five immune cells, Mast cells resting, Macrophages M1, Macrophages M0, B cells naive and NK cells resting, showed significant differences between different groups (Figure 7B). Subsequently, correlation analysis between the five biomarkers and 22 types of immune cells revealed obvious positive relationship between EMP1 and CD4 memory resting of T cells, and obvious negative relationship with plasma cells (Figure 7C).

[image: Three-panel figure showing cell type analysis. Panel A: Stacked bar chart illustrating the estimated proportions of various cell types (e.g., B cells, macrophages) in different samples, using a color-coded legend. Panel B: Violin plots comparing cell fractions between normal and tumor conditions, with statistical significance indicated. Panel C: Heatmap displaying correlations between genes (e.g., TNFRSF25, JUN) and cell types, with color gradation indicating correlation strength.]
Figure 7 | Immune microenvironment analysis. (A) Relative proportions of 22 immune cells in different samples. (B) Differences in the relative proportions of the 22 immune cells in the different groups, *P<0.05; **P<0.01; ***P<0.001. (C) Correlation between 22 immune cells and biomarkers. Red indicates positive correlation, blue indicates negative correlation, the darker the color, the stronger the correlation.




3.7 Validation of prognostic biomarker expression

Here, we examined the expression of EMP1, FGFR1, PLPPR4, JUN, and TNFRSF25 in BLCA tissue specimens and two BLCA cell lines, T24 and J82. The results pointed out that EMP1, FGFR1, PLPPR4, and JUN were all markedly decreased in BLCA tissue specimens and cell lines (T24 and J82) compared with adjacent normal tissue specimens and SV-HUC-1 cells (Figures 8A, B), while TNFRSF25 showed the opposite trend (Figures 8A, B). This is consistent with the expression trend of bioinformatics analysis. The expression of five biomarkers was more significant in T24 cells, and based on this difference, T24 cells were selected for subsequent research. Previous studies have shown that the FGFR family plays a key role in the occurrence and development of BLCA (26, 27), but most of the existing literature focuses on the carcinogenic effect of FGFR3, while the prognostic value of FGFR1 in BLCA remains unknown. In addition, verification experiments showed that the expression of FGFR1 in BLCA tissues and cell lines changed most significantly compared with other biomarkers. Therefore, FGFR1 was selected for subsequent research.

[image: Graphs showing relative expression levels of genes EMP1, FGFR1, PLPPR4, JUN, and TNFRSF25. Panel A: The dot plot comparison between normal and BLCA tissues revealed that EMP1, FGFR1, PLPPR4, and JUN were significantly downregulated in BLCA tissues, whereas TNFRSF25 exhibited the opposite upregulation trend. Panel B: Bar graphs compare cell lines SV-HUC-1, T24, and J82, with significant differences across the cell lines for each gene. Stars indicate statistical significance.]
Figure 8 | Expression of prognostic biomarkers in BLCA tissues and cells. (A) QRT-PCR was used to detect the expression of five prognostic biomarkers in BLCA tissues and adjacent tissues. (B) The expression of five prognostic biomarkers in SV-HUC-1,T24 and J82 cell lines was detected by qRT-PCR. ***P<0.001.




3.8 FGFR1 overexpression inhibited T24 cell proliferation, migration and invasion

We investigated the effect of FGFR1 on the biological function of T24 cells. OE-FGFR1 and its NC were transfected into T24 cells, and qRT-PCR confirmed the successful transfection, and the transfection NC did not change the expression level of FGFR1 (Figure 9A). Besides, overexpression of FGFR1 markedly reduced the proliferation, migration, and invasion abilities of T24 cells (Figures 9B–D). All data suggested that upregulation of FGFR1 expression inhibits T24 cell biological processes.

[image: Bar and line graphs, along with cell images, analyze FGFR1 expression, cell migration, and invasion. Panel A shows higher FGFR1 expression in OE-FGFR1. Panel B indicates reduced absorbance over time for OE-FGFR1. Panel C illustrates fewer migrating cells in OE-FGFR1. Panel D depicts decreased cell invasion in OE-FGFR1. Statistical significance is noted with asterisks.]
Figure 9 | FGFR1 overexpression inhibited T24 cell proliferation, migration and invasion. (A) QRT-PCR was used to detect the expression of FGFR1 in T24 cell line transfected with OE-FGFR1. (B) Effect of FGFR1 overexpression on T24 cell proliferation. (C, D), Transwell to verify the effect of upregulated FGFR1 expression on the migration (C) and invasion (D) abilities of T24 cells. **P<0.01; ***P<0.001.




3.9 FGFR1 inhibits the biological function of T24 cells by activating the cGMP PKG pathway

Supplementary Figure 2E showed a clear relationship between FGFR1 and cGMP-PKG signaling pathway. Therefore, western blotting was applied to detect the effect of FGFR1 on the cGMP/PKG pathway. The data indicated that the protein levels of PKG1 and PKG2 were obviously upregulated in the FGFR1 overexpression group. However, PKG inhibitor (D)-DT-2 inhibited this increase (D)-DT-2 (Figure 10A). Subsequently, we evaluated the impact of PKG inhibitor (D)-DT-2 on the biological functions of T24 cells. The data revealed that overexpression of FGFR1 reduced cell proliferation (Figure 10B) and invasion (Figure 10C) compared to the NC group, but this inhibition was restored after the addition of PKG inhibitor (D)-DT-2 (Figures 10B, C). Therefore, we hypothesized that FGFR1 may inhibit the cellular biological processes of T24 cells by activating the cGMP-PKG pathway.

[image: Panel A displays western blot results and a bar graph illustrating the protein expression of PKG1 and PKG2 across different conditions: NC, OE-FGFR1, and OE-FGFR1+(D)-DT-2. Panel B shows a line graph of cell absorbance over 72 hours for Vector, OE-FGFR1, and OE-FGFR1+(D)-DT-2. Panel C includes stained cell images under different conditions and a bar graph indicating the number of cell invasions, showing significant differences between conditions.]
Figure 10 | FGFR1 inhibits the proliferation, migration and invasion of T24 cells by activating the cGMP-PKG pathway. (A) PKG1 and PKG2 protein expression was determined by Western Blotting. (B–D) Effect of PKG inhibitor (D)-DT-2 on T24 cell proliferation (B), migration (C), and invasion (D). Compared with NC group, ***P<0.001; Compared with OE-FGFR1 group, ###P<0.001.





4 Discussion

BLCA is a malignant cancer with high mortality. At present, there are a variety of treatment methods, the treatment effect is not ideal due to tumor recurrence, metastasis, chemotherapy drug resistance and other reasons, and the clinical outcome of patients is very unsatisfactory (28, 29). Accordingly, the development and identification of effective prognostic biomarkers are very helpful to optimize treatment and improve the prognosis of BLCA patients. BLCA is the first cancer for which PDT has been approved for clinical treatment. PDT not only directly kills tumor cells, but also induces immunogenic cell death (ICD), improving the efficacy of anti-tumor immunotherapy (30, 31). According to reports, many ARGs are associated with the occurrence and prognosis of BLCA (32). However, the prognostic significance of ARGs-PDTRGs in BLCA remain unclear. For this study, based on the BLCA data in TCGA, 21 candidate genes of ARGs-PDTRGs were screened by a variety of bioinformatics methods. Five candidate genes interrelated to the prognosis of BLCA were further identified, and the prognostic value and mechanism of these five candidate genes in BLCA were systematically analyzed.

MAPK signaling plays a crucial role in tumor development and immunotherapy, and prognostic genes related to the MAPK pathway can predict the prognosis of BLCA patients (33). MAPK signaling marks two different subpopulations of tumor cells in BLCA, and inhibiting MAPK signaling can suppress tumor growth (34). Moreover, a meta-analysis showed that Epstein-Barr virus (EBV) is significantly associated with the occurrence of BLCA (35). The current study revealed that 21 candidate genes were mainly involved in MAPK signaling pathway, Breast cancer, Epstein-Barr virus infection and Hepatitis B pathways. So that, we speculate that these genes may participate in the occurrence and development of BLCA via the above pathways, but this conclusion still needs further verification.

For this research, five ARGs-PDTRGs (EMP1, FGFR1, PLPPR4, JUN, TNFRSF25) were finally identified as BLCA prognostic biomarkers after a series of bioinformatics analyses. K-M survival curve revealed obvious survival differences between groups. ROC curve analysis showed that these five biomarkers had high diagnostic value. Song et al. (36) established an ARGs model, which can predict the clinical outcomes and immunotherapy of BLCA. Another study (37) constructed a BLCA prognostic signature based on 17 ARGs, which could predict the clinical outcomes of BLCA cases and lay the foundation for individualized treatment of cases. A total of 5 prognostic markers were screened in current research, including EMP1, FGFR1, PLPPR4, JUN and TNFRSF25. Among them, EMP1 is a key gene indicating the M1/M2 ratio, and its upregulation suggests a short survival of BLCA patients. Besides, epithelial membrane protein 1 (EMP1) expression level can be used as an indicator of BLCA cell proliferation, metastasis and immunotherapy efficacy (38). Fibroblast growth factor receptor 1 (FGFR1), a member of the FGFR family, is associated with the proliferation of BLCA cells (39). Phospholipid phosphatase related 4 (PLPPR4) is a member of the lipid phosphophosphatases superfamily, which can regulate neural development by affecting neuronal plasticity through mTOR signaling pathway (40). Feng et al. (41) screened nine dephosphorylation related genes, including PLPPR4, and constructed a prognostic signature related to papillary renal cell carcinoma, which could accurately predict the survival outcomes of PRCC cases. JUN is a major component of activator protein-1 (42). Han et al. demonstrated that c-Jun is a new bone metastasis marker for luminal type breast cancer and that inhibition of c-Jun effectively inhibited the malignant progression in MCF7-BM cells (43). Tumor necrosis factor receptor superfamily 25 (TNFRSF25) is a T cell co stimulatory receptor and a potential target for cancer therapy. TNFRSF25 agonists can stimulate CD8+T cells and exert anti-tumor effects (44). Overall, all five prognostic markers are potential therapeutic targets for BLCA.

Many researches have found that FGFR1 plays a key role in multiple cancers in humans, including breast cancer and colorectal cancer (45–47). Validation experiments in this study proved that the levels of EMP1, FGFR1, PLPPR4 and JUN were obviously decreased in BLCA tissues and cell lines (T24 and J82), while TNFRSF25 showed an opposite trend, compared with those in para-cancerous normal tissues and normal urothelial SV-HUC-1 cells. Notably, previous studies have shown that the FGFR family plays a key role in the occurrence and development of BLCA (26, 27), but most of the existing literature focuses on the carcinogenic effect of FGFR3, while the prognostic value of FGFR1 in BLCA remains unknown. In addition, verification experiments showed that the expression of FGFR1 in BLCA tissues and cell lines changed most significantly compared with other biomarkers. Therefore, FGFR1 was selected for subsequent research. This research revealed that FGFR1 was mainly participated in ribosome, cytoskeleton in muscle cells, oxidative phosphorylation, cGMP-PKG signaling pathway and other pathways. This finding significantly expands the functional spectrum of FGFR1, as existing literature primarily documents the role of the cGMP-PKG pathway in prostate cancer, ovarian cancer, and other malignancies (48, 49), while its regulatory mechanisms in BLCA remain an emerging field of research. A previous study revealed that metformin inhibits the progression of castration-resistant prostate cancer by modulating PDE6D-induced purine metabolic alterations and activating the cGMP/PKG pathway (48). Another study demonstrated that PTTG1 promotes M2 macrophage polarization through the cGMP/PKG signaling pathway and facilitates epithelial-mesenchymal transition (EMT) progression in human epithelial ovarian cancer cells (49). Through systematic in vitro experiments and signaling pathway analysis, we have demonstrated for the first time that FGFR1 significantly inhibits the biological functions of T24 cells by specifically activating the cGMP-PKG pathway. These groundbreaking findings not only indicate the involvement of FGFR1 in the pathogenesis of BLCA, but more importantly, reveal a distinct signaling network regulated by this pathway in BLCA. In summary, this study is the first to elucidate the critical regulatory role of FGFR1 in the initiation and progression of BLCA through the cGMP-PKG signaling pathway, thereby identifying a novel potential therapeutic target for BLCA treatment.

In the past decade, new therapies such as immunotherapy have driven the progress of BLCA treatment. Immunotherapy can enhance its ability to clear cancer cells and strengthen the body’s anti-tumor immune response. Some immunotherapy drugs, such as PD-L1, PD-1 and CTLA-4, have been applied in clinical practice (50, 51). At present, the cell types, pathways and processes involved in anti-tumor immunity are becoming increasingly clear (52). For example, cytotoxic CD4+ T cells can kill autologous tumors in an MHC class II-dependent manner and are inhibited via Tregs (53). In this study, GSVA enrichment analysis of five prognostic biomarkers was performed, and the Interferon Receptor response pathway was found to be up-regulated in the tumor group, while the remaining 10 response pathways were down-regulated in the tumor group. Further analysis showed that FGFR1 was negatively correlated with Cytokine Receptors, TCR signaling Pathway, Antimicrobials and other pathways. Tumor cells, immune cells, cytokines, etc. together constitute the tumor microenvironment (TME), among which tumor-related immune cells can be classified into two categories: anti-tumor and pro-tumor (54). B cells are the main effector cells of humoral immunity in TME and play a key role in regulating anti-tumor immune responses (55). Macrophages are a double-edged sword that play a dual role in cancer, both promoting tumorigenesis and killing tumor cells to enhance anti-tumor response (56). NK cells have cytotoxic functions similar to CD8+ T cells and are the first line of natural defense, allowing to kill some tumor and virus-infected cells (57, 58). In this study, we found that Mast cells resting, Macrophages M1, Macrophages M0, B cells naive and NK cells resting have significant differences among different groups. This suggests that these immune pathways and immune cells may be participated in the occurrence and development of BLCA, and provide a reliable target for immunotherapy of BLCA patients.

PDT, as a known physical therapy capable of inducing apoptosis in tumor cells, has a natural correlation between its target sites and tumor prognosis genes (59, 60). Therefore, the initial gene screening in this study focused on PDT and apoptosis, ultimately identifying five prognostic biomarkers (EMP1, FGFR1, PLPPR4, JUN, TNFRSF25). All five genes are PDTRGs and ARGs. Although this study did not directly conduct PDT experiments, the screening of FGFR1 derived from the PDT-related gene network, and the discovery of the cGMP-PKG pathway, provides a new perspective regarding the molecular mechanism of PDT in treating BLCA. A previous study found that in the SW837 colorectal cancer cell model, PDT treatment using aminolevulinic acid (ALA) as a photosensitizer was significantly associated with alterations in the cGMP-PKG signaling pathway (61). PDT induces the production of a large amount of reactive oxygen species (ROS) in tumor cells through laser irradiation of a photosensitizer. The resulting cytotoxicity selectively targets tumor cells, inducing apoptosis (62). Moreover, the generation of ROS is significantly associated with the cGMP/PKG signaling pathway (63). This suggests that cGMP-PKG may be one of the conserved pathways of PDT action. This study establishes FGFR1/cGMP-PKG as a novel regulatory axis in BLCA, providing a fundamental basis for subsequent PDT combination strategies. The decision to defer PDT experiments at this stage represents a rigorous scientific approach. Initial validation of the independent role of this novel pathway avoids confounding variables. Subsequent investigations will involve establishing FGFR1-overexpressing cell models subjected to PDT treatment and conducting orthotopic murine model-based photodynamic-drug combination experiments to further validate this mechanism.

Although our study has achieved some satisfactory results, there are still some limitations that cannot be ignored. First, we collected a small number of clinical samples, which may cause some impact on the accuracy of the results. Secondly, we have only preliminarily explored the molecular mechanism of one prognostic marker in BLCA, and the other genes need to be further studied. In addition, follow-up and prognostic analysis of recruited patients were not performed due to time constraints. Therefore, we will expand the sample size and collect clinical data of patients to further investigate the prognostic significance and molecular mechanism of these five prognostic biomarkers in BLCA, in order to provide effective personalized treatment or targeted therapy for patients.




5 Conclusion

In conclusion, this study successfully screened five important ARGs-PDTRGs (EMP1, FGFR1, PLPPR4, JUN, TNFRSF25) as BLCA prognostic biomarkers and analyzed their roles in BLCA by multiple bioinformatics methods. Experimental studies have confirmed that FGFR1 inhibits the proliferation, migration and invasion of T24 cells via activating the cGMP-PKG pathway, which provides a novel potential target for clinical diagnosis, treatment and prognosis of BLCA.





Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.





Ethics statement

The studies involving humans were approved by Tengzhou Central People ‘s Hospital. The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study.





Author contributions

LW: Conceptualization, Data curation, Writing – original draft. YCW: Data curation, Writing – original draft. YQW: Data curation, Writing – original draft. ZW: Formal Analysis, Writing – review & editing. GC: Formal Analysis, Writing – review & editing. ZX: Formal Analysis, Writing – review & editing. XL: Conceptualization, Formal Analysis, Writing – review & editing.





Funding

The author(s) declare financial support was received for the research and/or publication of this article. This work was supported by (National Natural Science Foundation of China) (Grant numbers (82171594) and (Medical and Health Science and Technology Development Plan Fundatone of Shandong Province) (Grant numbers (202204050416).





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.





Generative AI statement

The author(s) declare that no Generative AI was used in the creation of this manuscript.

Any alternative text (alt text) provided alongside figures in this article has been generated by Frontiers with the support of artificial intelligence and reasonable efforts have been made to ensure accuracy, including review by the authors wherever possible. If you identify any issues, please contact us.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2025.1578695/full#supplementary-material




References

	 Lopez-Beltran A, Cookson MS, Guercio BJ, Cheng L. Advances in diagnosis and treatment of bladder cancer. Bmj. (2024) 384:e076743. doi: 10.1136/bmj-2023-076743, PMID: 38346808


	 Gill E, Perks CM. Mini-review: current bladder cancer treatment-the need for improvement. Int J Mol Sci. (2024) 25(3):1557. doi: 10.3390/ijms25031557, PMID: 38338835


	 Alouini S. Risk factors associated with urothelial bladder cancer. Int J Environ Res Public Health. (2024) 21(7):954. doi: 10.3390/ijerph21070954, PMID: 39063530


	 Yang T, Luo W, Yu J, Zhang H, Hu M, Tian J. Bladder cancer immune-related markers: diagnosis, surveillance, and prognosis. Front Immunol. (2024) 15:1481296. doi: 10.3389/fimmu.2024.1481296, PMID: 39559360


	 Lidagoster S, Ben-David R, De Leon B, Sfakianos JP. Bcg and alternative therapies to bcg therapy for non-muscle-invasive bladder cancer. Curr Oncol. (2024) 31:1063–78. doi: 10.3390/curroncol31020079, PMID: 38392073


	 Zhang XG, Zhang T, Li CY, Zhang MH, Chen FM. Cd164 promotes tumor progression and predicts the poor prognosis of bladder cancer. Cancer Med. (2018) 7:3763–72. doi: 10.1002/cam4.1607, PMID: 30022623


	 Fan J, Chen B, Luo Q, Li J, Huang Y, Zhu M, et al. Potential molecular biomarkers for the diagnosis and prognosis of bladder cancer. BioMed Pharmacother. (2024) 173:116312. doi: 10.1016/j.biopha.2024.116312, PMID: 38417288


	 Aebisher D, Czech S, Dynarowicz K, Misiołek M, Komosińska-Vassev K, Kawczyk-Krupka A, et al. Photodynamic therapy: past, current, and future. Int J Mol Sci. (2024) 25(20):11325. doi: 10.3390/ijms252011325, PMID: 39457108


	 Dąbrowska A, Mastalerz J, Wilczyński B, Osiecka B, Choromańska A. Determinants of photodynamic therapy resistance in cancer cells. Int J Mol Sci. (2024) 25(22):12069. doi: 10.3390/ijms252212069, PMID: 39596137


	 Kubrak T, Karakuła M, Czop M, Kawczyk-Krupka A, Aebisher D. Advances in management of bladder cancer-the role of photodynamic therapy. Molecules. (2022) 27(3):731. doi: 10.3390/molecules27030731, PMID: 35163996


	 Kochergin M, Fahmy O, Asimakopoulos A, Theil G, Zietz K, Bialek J, et al. Photodynamic therapy: current trends and potential future role in the treatment of bladder cancer. Int J Mol Sci. (2024) 25(2):960. doi: 10.3390/ijms25020960, PMID: 38256035


	 Kurabayashi A, Fukuhara H, Furihata K, Iwashita W, Furihata M, Inoue K. Photodynamic diagnosis and therapy in non-muscle-invasive bladder cancer. Cancers (Basel). (2024) 16(13):2299. doi: 10.3390/cancers16132299, PMID: 39001362


	 Dudzik T, Domański I, Makuch S. The impact of photodynamic therapy on immune system in cancer-an update. Front Immunol. (2024) 15:1335920. doi: 10.3389/fimmu.2024.1335920, PMID: 38481994


	 Kulbay M, Paimboeuf A, Ozdemir D, Bernier J. Review of cancer cell resistance mechanisms to apoptosis and actual targeted therapies. J Cell Biochem. (2022) 123:1736–61. doi: 10.1002/jcb.30173, PMID: 34791699


	 Obeng E. Apoptosis (Programmed cell death) and its signals-a review. Braz J Biol. (2021) 81:1133–43. doi: 10.1590/1519-6984.228437, PMID: 33111928


	 Zhu H, Li M, Wu J, Yan L, Xiong W, Hu X, et al. Identification and validation of apoptosis-related genes in acute myocardial infarction based on integrated bioinformatics methods. PeerJ. (2024) 12:e18591. doi: 10.7717/peerj.18591, PMID: 39650552


	 Chen Y, Wu L, Li Y, Zheng J, Zhong S, Gu S, et al. Necrotizing apoptosis-related genes prognosis and treatment effect analysis of osteosarcoma in children. J Gene Med. (2024) 26:e3646. doi: 10.1002/jgm.3646, PMID: 38100138


	 Zhang M, Zhang S, Guo W, He Y. Novel molecular hepatocellular carcinoma subtypes and riskscore utilizing apoptosis-related genes. Sci Rep. (2024) 14:3913. doi: 10.1038/s41598-024-54673-x, PMID: 38365931


	 Zhou L, Xu G, Huang F, Chen W, Zhang J, Tang Y. Apoptosis related genes mediated molecular subtypes depict the hallmarks of the tumor microenvironment and guide immunotherapy in bladder cancer. BMC Med Genomics. (2023) 16:88. doi: 10.1186/s12920-023-01525-8, PMID: 37118734


	 Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. Limma powers differential expression analyses for rna-sequencing and microarray studies. Nucleic Acids Res. (2015) 43:e47. doi: 10.1093/nar/gkv007, PMID: 25605792


	 Phipson B, Lee S, Majewski IJ, Alexander WS, Smyth GK. Robust hyperparameter estimation protects against hypervariable genes and improves power to detect differential expression. Ann Appl Stat. (2016) 10:946–63. doi: 10.1214/16-aoas920, PMID: 28367255


	 Wu T, Hu E, Xu S, Chen M, Guo P, Dai Z, et al. Clusterprofiler 4.0: A universal enrichment tool for interpreting omics data. Innovation (Camb). (2021) 2:100141. doi: 10.1016/j.xinn.2021.100141, PMID: 34557778


	 Simon N, Friedman J, Hastie T, Tibshirani R. Regularization paths for cox’s proportional hazards model via coordinate descent. J Stat Softw. (2011) 39:1–13. doi: 10.18637/jss.v039.i05, PMID: 27065756


	 Tay JK, Narasimhan B, Hastie T. Elastic net regularization paths for all generalized linear models. J Stat Softw. (2023) 106:1. doi: 10.18637/jss.v106.i01, PMID: 37138589


	 Robin X, Turck N, Hainard A, Tiberti N, Lisacek F, Sanchez JC, et al. Proc: an open-source package for R and S+ to analyze and compare roc curves. BMC Bioinf. (2011) 12:77. doi: 10.1186/1471-2105-12-77, PMID: 21414208


	 Ascione CM, Napolitano F, Esposito D, Servetto A, Belli S, Santaniello A, et al. Role of fgfr3 in bladder cancer: treatment landscape and future challenges. Cancer Treat Rev. (2023) 115:102530. doi: 10.1016/j.ctrv.2023.102530, PMID: 36898352


	 Noeraparast M, Krajina K, Pichler R, Niedersüß-Beke D, Shariat SF, Grünwald V, et al. Fgfr3 alterations in bladder cancer: sensitivity and resistance to targeted therapies. Cancer Commun (Lond). (2024) 44:1189–208. doi: 10.1002/cac2.12602, PMID: 39161208


	 Huang Z, Wang Z, Xu C, Yan Y, Cao X, Zhang F, et al. Fgl2 as a predictive biomarker for prognosis and immunotherapy in bladder cancer. Int J Med Sci. (2024) 21:1447–60. doi: 10.7150/ijms.91874, PMID: 38903931


	 Dyrskjøt L, Hansel DE, Efstathiou JA, Knowles MA, Galsky MD, Teoh J, et al. Bladder cancer. Nat Rev Dis Primers. (2023) 9:58. doi: 10.1038/s41572-023-00468-9, PMID: 37884563


	 Rahman KMM, Giram P, Foster BA, You Y. Photodynamic therapy for bladder cancers, a focused review(†). Photochem Photobiol. (2023) 99:420–36. doi: 10.1111/php.13726, PMID: 36138552


	 Ji B, Wei M, Yang B. Recent advances in nanomedicines for photodynamic therapy (Pdt)-driven cancer immunotherapy. Theranostics. (2022) 12:434–58. doi: 10.7150/thno.67300, PMID: 34987658


	 Zou Z, Li Z, Sun W, Gao W, Liu B, Liu J, et al. Establishment of prognostic model of bladder cancer based on apoptosis-related genes, in which P4hb promotes blca progression. BMC Urol. (2023) 23:167. doi: 10.1186/s12894-023-01331-5, PMID: 37845668


	 Cheng G, Zhou Z, Li S, Yang S, Wang Y, Ye Z, et al. Predicting bladder cancer survival with high accuracy: insights from mapk pathway-related genes. Sci Rep. (2024) 14:10482. doi: 10.1038/s41598-024-61302-0, PMID: 38714855


	 Schulz GB, Elezkurtaj S, Börding T, Schmidt EM, Elmasry M, Stief CG, et al. Therapeutic and prognostic implications of notch and mapk signaling in bladder cancer. Cancer Sci. (2021) 112:1987–96. doi: 10.1111/cas.14878, PMID: 33686706


	 Motlaghzadeh S, Tabatabaei F, Eshragh F, Tavakoli A, Mobasheri N, Kiani SJ, et al. Association of viral infection with bladder cancer: A systematic review and meta-analysis. Pathol Res Pract. (2024) 264:155633. doi: 10.1016/j.prp.2024.155633, PMID: 39504615


	 Song DM, Feng K, Luo WF, Lv DS, Zhou LP, He YB, et al. Predicting survival in bladder cancer with a novel apoptotic gene-related prognostic model. Discov Oncol. (2024) 15:702. doi: 10.1007/s12672-024-01575-z, PMID: 39580765


	 Wang Y, Cheng H, Zeng T, Chen S, Xing Q, Zhu B. A novel 17 apoptosis-related genes signature could predict overall survival for bladder cancer and its associations with immune infiltration. Heliyon. (2022) 8:e11343. doi: 10.1016/j.heliyon.2022.e11343, PMID: 36387445


	 Li J, Liu J, Wang H, Ma J, Wang Y, Xu W. Single-cell analyses emp1 as a marker of the ratio of M1/M2 macrophages is associated with emt, immune infiltration, and prognosis in bladder cancer. Bladder (San Franc). (2023) 10:e21200011. doi: 10.14440/bladder.2023.852, PMID: 38163006


	 Biswas PK, Kwak Y, Kim A, Seok J, Kwak HJ, Lee M, et al. Ttyh3 modulates bladder cancer proliferation and metastasis via fgfr1/H-ras/a-raf/mek/erk pathway. Int J Mol Sci. (2022) 23(18):10496. doi: 10.3390/ijms231810496, PMID: 36142409


	 Li H, Zhang Q, Wan R, Zhou L, Xu X, Xu C, et al. Plppr4 haploinsufficiency causes neurodevelopmental disorders by disrupting synaptic plasticity via mtor signaling. J Cell Mol Med. (2023) 27:3286–95. doi: 10.1111/jcmm.17899, PMID: 37550884


	 Feng J, Jiang L, Tang H, Si Y, Luo L, Liu J, et al. Dephosphorylation-related signature predicts the prognosis of papillary renal cell carcinoma. Trans Cancer Res. (2024) 13(11):5983–94. doi: 10.21037/tcr-24-669, PMID: 39697703


	 Zhang Z, Shi J, Wu Q, Zhang Z, Liu X, Ren A, et al. Jun mediates glucocorticoid resistance by stabilizing hif1a in T cell acute lymphoblastic leukemia. iScience. (2023) 26:108242. doi: 10.1016/j.isci.2023.108242, PMID: 38026210


	 Han Y, Katayama S, Futakuchi M, Nakamichi K, Wakabayashi Y, Sakamoto M, et al. Targeting C-jun is a potential therapy for luminal breast cancer bone metastasis. Mol Cancer Res. (2023) 21:908–21. doi: 10.1158/1541-7786.Mcr-22-0695, PMID: 37310848


	 Lyu X, Zhao L, Chen S, Li Y, Yang Y, Liu H, et al. Targeting tnfrsf25 by agonistic antibodies and multimeric tl1a proteins co-stimulated cd8(+) T cells and inhibited tumor growth. J Immunother Cancer. (2024) 12(8):e008810. doi: 10.1136/jitc-2024-008810, PMID: 39142717


	 Kulkoyluoglu Cotul E, Safdar MH, Paez SJ, Kulkarni A, Ayers MG, Lin H, et al. Fgfr1 signaling facilitates obesity-driven pulmonary outgrowth in metastatic breast cancer. Mol Cancer Res. (2024) 22:254–67. doi: 10.1158/1541-7786.Mcr-23-0955, PMID: 38153436


	 Fan S, Chen Y, Wang W, Xu W, Tian M, Liu Y, et al. Pharmacological and biological targeting of fgfr1 in cancer. Curr Issues Mol Biol. (2024) 46:13131–50. doi: 10.3390/cimb46110783, PMID: 39590377


	 Zhao R, Yin F, Fredimoses M, Zhao J, Fu X, Xu B, et al. Targeting fgfr1 by β,β-dimethylacrylalkannin suppresses the proliferation of colorectal cancer in cellular and xenograft models. Phytomedicine. (2024) 129:155612. doi: 10.1016/j.phymed.2024.155612, PMID: 38669968


	 Cai S, Deng Y, Zou Z, Tian W, Tang Z, Li J, et al. Metformin inhibits the progression of castration-resistant prostate cancer by regulating pde6d induced purine metabolic alternation and cgmp/pkg pathway activation. Cancer Lett. (2025) 622:217694. doi: 10.1016/j.canlet.2025.217694, PMID: 40216151


	 Tian L, Liu L, Wang C, Kong Y, Miao Z, Yao Q, et al. Pttg1 promotes M2 macrophage polarization via the cgmp-pkg signaling pathway and facilitates emt progression in human epithelial ovarian cancer cells. Discov Oncol. (2025) 16:730. doi: 10.1007/s12672-025-02512-4, PMID: 40353994


	 Lv Z, Hou J, Wang Y, Wang X, Wang Y, Wang K. Knowledge-map analysis of bladder cancer immunotherapy. Hum Vaccin Immunother. (2023) 19:2267301. doi: 10.1080/21645515.2023.2267301, PMID: 37903500


	 Abd El-Salam MA, Smith CEP, Pan CX. Insights on recent innovations in bladder cancer immunotherapy. Cancer Cytopathol. (2022) 130:667–83. doi: 10.1002/cncy.22603, PMID: 35653623


	 van Dorp J, van der Heijden MS. The bladder cancer immune micro-environment in the context of response to immune checkpoint inhibition. Front Immunol. (2023) 14:1235884. doi: 10.3389/fimmu.2023.1235884, PMID: 37727793


	 Oh DY, Kwek SS, Raju SS, Li T, McCarthy E, Chow E, et al. Intratumoral cd4(+) T cells mediate anti-tumor cytotoxicity in human bladder cancer. Cell. (2020) 181:1612–25.e13. doi: 10.1016/j.cell.2020.05.017, PMID: 32497499


	 Lv B, Wang Y, Ma D, Cheng W, Liu J, Yong T, et al. Immunotherapy: reshape the tumor immune microenvironment. Front Immunol. (2022) 13:844142. doi: 10.3389/fimmu.2022.844142, PMID: 35874717


	 Yuan H, Mao X, Yan Y, Huang R, Zhang Q, Zeng Y, et al. Single-cell sequencing reveals the heterogeneity of B cells and tertiary lymphoid structures in muscle-invasive bladder cancer. J Transl Med. (2024) 22:48. doi: 10.1186/s12967-024-04860-1, PMID: 38216927


	 Mantovani A, Allavena P, Marchesi F, Garlanda C. Macrophages as tools and targets in cancer therapy. Nat Rev Drug Discov. (2022) 21:799–820. doi: 10.1038/s41573-022-00520-5, PMID: 35974096


	 Wu SY, Fu T, Jiang YZ, Shao ZM. Natural killer cells in cancer biology and therapy. Mol Cancer. (2020) 19:120. doi: 10.1186/s12943-020-01238-x, PMID: 32762681


	 Cantoni C, Falco M, Vitale M, Pietra G, Munari E, Pende D, et al. Human nk cells and cancer. Oncoimmunology. (2024) 13:2378520. doi: 10.1080/2162402x.2024.2378520, PMID: 39022338


	 Kessel D. Photodynamic therapy: apoptosis, paraptosis and beyond. Apoptosis. (2020) 25:611–5. doi: 10.1007/s10495-020-01634-0, PMID: 32888113


	 Xu J, Zhou H, Liu Z, Huang Y, Zhang Z, Zou H, et al. Pdt-regulated immune gene prognostic model reveals tumor microenvironment in colorectal cancer liver metastases. Sci Rep. (2025) 15:13129. doi: 10.1038/s41598-025-97667-z, PMID: 40240471


	 Gao H, Shi X, Chen Q, Che B, Yin H, Li Y. Deep proteome profiling of sw837 cells treated by photodynamic therapy (Pdt) reveals the underlying mechanisms of metronomic and acute pdts. Photodiagnosis Photodyn Ther. (2020) 31:101809. doi: 10.1016/j.pdpdt.2020.101809, PMID: 32437970


	 Jiang F, Liu S, Wang L, Chen H, Huang Y, Cao Y, et al. Ros-responsive nanoprobes for bimodal imaging-guided cancer targeted combinatorial therapy. Int J Nanomed. (2024) 19:8071–90. doi: 10.2147/ijn.S467512, PMID: 39130685


	 Li X, Sun Y, Guo J, Cheng Y, Lu W, Yang W, et al. Sodium bicarbonate potentiates the antitumor effects of olaparib in ovarian cancer via cgmp/pkg-mediated ros scavenging and M1 macrophage transformation. BioMed Pharmacother. (2024) 180:117509. doi: 10.1016/j.biopha.2024.117509, PMID: 39442234







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 © 2025 Wang, Wang, Wang, Wang, Cheng, Xu and Liu. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fonc-15-1578695-g008.jpg
<

PLPPR4

FGFR1

EMP1

BLCA tissues

Normal tissues

p¥ddd Jo uoissaidxa aAneRy

x

* oo

*
S - < b >
3] - - o =

BLCA tissues

Normal tissues

14494 Jo uoissaidxa aAneRy

N 0 S ] 3
« - -~ o =

LdINS J0 uoissaidxa aApe|ey

BLCA tissues

Normal tissues

X N
* ©
* S
P
& : 3
o * ~
-
o
v
o
2
=
>
]
9 S 0 o
~ - 5 S

puddd Jo uoissaidxa aAne|ey

0 * o~
- x ]
2 H
* 0
X £
® <
0 9 -
2 o =
L % -
(%] TR ¥ S
o () * -
T e
z g
-
z 3]
T >
©
m :
2 73
0 o 0 o
= - - o [=]

SZ4SYUANL Jo uoissaidxo aAneleY L4404 Jo uojssaidxe aaye|oy

ﬁ *
N
2 X o
K} * )
]
<
[3)
|
m
4 - ” -
3 a i R
- =
2 w
Q
=
]
i
= ~
e Ll
s o
£ =
S T
>
= 7]
° ®w 9o 9 > 0 S b o
Y] - - o = - - P S

NN jo uoissaldxa aApeey LdINT Jo uoissaidxa aAneley

*%
Tk
J82

TNFRSF25
*
T24

SV-HUC-1

s © W 9 W 9
N & v ~« o o

GZ4S¥HNL Jo uoissaldxa anneey

JUN
*kk *kk
T24 J82

SV-HUC-1

- e b o
- : = o o
NN jo uoissaidxa aAle|oy





OEBPS/Images/cover.jpg
& frontiers | Frontiers in Oncology

Prognostic value and molecular mechanism
of photodynamic therapy and apoptosis
related gene FGFR1 in bladder cancer





OEBPS/Images/fonc-15-1578695-g005.jpg
A Key Genes ROC

2
=
:'5
c
(O]
wn
FGFR1 AUC 0.913
EMP1 AUC 0.889
JUN AUC 0.883
TNFRSF25 AUC 0.812
PLPPR4 AUC 0.803
T | | T T |
0.0 0.2 0.4 0.6 0.8 1.0
1 — Specificity
B Key Genes ROC
S
[o0]
o
((o]
> O.
s
.‘%’
c
(O]
0 <
o
o FGFR1 AUC 0.706
= EMP1 AUC 0.708
JUN AUC 0.739
TNFRSF25 AUC 0.72
= PLPPR4 AUC 0.879
0.0 0.2 0.4 0.6 0.8 1.0
1 - Specificity

Expression

Expression

10.0

15

5.0

2.5

0.0

EMP1

group E Normal @ Tumor

p=1.1e-09

p = 8.3e-06

FGFR1 PLPPR4

JUN

JUN

TNFRSF25

TNFRSF25





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fonc-15-1578695-g001.jpg
Density heatmap of DEG

100%
75%

-log10(pval)

mean

(o]
«©

group
B Normal(n=19)
~ Tumor(n

403)

v .TI,.;T‘.(., s

oY T ‘.....A

«. SIS

1'..-‘-

f

1r

: ”
..,..)ir-r

o
=4

(lead)oLBo|-

ﬂv\m 4\.‘ o

-.-, i N2

h

=)

LRI .;uﬁﬁ.ﬁ

T JYEI

.l.. " tirliAA o

20

o ——————— ——
B R b b s 8

i raruwyEe

e

T lt‘.l)k..l " 1P

3y e | Wy

N
'l-..

a3

P

o

o

FEE g 1

L






OEBPS/Images/fonc-15-1578695-g003.jpg
A B

Chronic myeloid leukemia egulation of endothelial cell migration
; ositive regulation of endothelial cell migration
Pancreatic cancer P g g positive regulation
. o o epithelial cell
Colorectal cancer egulation of epithelial cell migration
Cellular Chronic Colore:
FoxO ositive regulati f epithelial cell migrati
Castic cancet gulation of epithelial cell migration
_ N number of genes
Cellular senescence ptiejum; migealion
® 3
number of genes . 4
. : 3 ithelial cell migration
FoxO signaling pathway ; . 3 9 ameboidal-type epitheliun . 5
tissue migration
: - ’ 5 issue migration . o
APK signaling pathway
® - o
meboidal-type cell migration
reast cancer Breast MAPK Melanom:
p.adjust p.adjust
5e—04 blood vessel endothelial cell migration
Melanoma 4e-06
4e-04
3e—04 ndothelial cell migration ] . He-00
Apoptosis 2e-04 blood involved sprouting 26-06
1e-04 . o ) . angiogenesis 16-06
Apoptosis Epstein-Barr egulation of epithelial cell proliferation €
pstein—Barr virus infection . .
Measles infection
cell migration involved in sprouting angiogenesis
Measles
positive regulation of vascular endothelial cell proliferation »
p53 signaling pathway p53 signaling pathway positive vascular blood
» . . o proliferation
positive regulation of blood vessel endothelial cell migration
AGE-RAGE signaling pathway in diabetic complications
AGE-RAGE Hepatitis d ) )
complications hepatocyte apoptotic process hepatocyte apoptotic proct
epatitis B

ytokine binding

blood microparticle

cytokine glycosaminoglyce

blood cortical cytoskeleton .
binding

microparticle lycosaminoglycan binding

cortical cytoskeleton

transcription factor AP-1
complex

ulfur compound binding

transcription factor AP-1 complex heparin sulfur compound

binding
plasma membrane raft eparin binding

caveola external plasma rowth factor binding

caveola —— number of genes number of genes
20
® 10 o - fibroblast transmembrane .
: ransmembrane receptor protein kinase activity ) ® >
external side of plasma membrane . 15 factor kinase
@ @ :o
TR ——— . 55 fibroblast growth factor binding ‘ 35
0 @
serine/threonine protein kinase complex transforming growth factor beta receptor activity
E.AMP—dependent protein ot p.adjust
inase groups T
transferase complex, transferring phosphorus-containing groups 0.020 activin binding 0:003
0.015 0.002
» in ki transmembrane receptor protein serine/threonine kinase activity
cAMP-dependent protein kinase complex 0.010 transforming activin beta 0.001
0.005 serine/threonine

spherical high-density lipoprotein particle transforming growth factor beta binding

neurofibrillary tangle transforming growth factor beta receptor binding

apical chromaffin dendrite
endoplasmic

chromaffin granule MAD binding

: ; biquitin-like protein ligase binding
spigal dendrite ubiquitin ubiquitin-like

protein ligase

perinuclear endoplasmic reticulum biquitin protein ligase binding






OEBPS/Images/fonc-15-1578695-g002.jpg
Scale independence

Scale Free Topology Model Fit,signed R*2

Mean Connectivity

1000 1500 2000 2500 3000

500

Mean connectivity

3

45678 91011121314151617 181920

T
5

|
10

T
15

Soft Threshold (power)

Gene dendrogram and module colors

N
e T T T T
5 10 15 20
Soft Threshold (power)

=
b
0
o
o
o

ot

B g

2

(V)

T+ X
o
N
o
Q
o

Dynamic Tree Cut

Merged dynamic

[

I

|
20

MEviolet

MEdarkolivegreen

MEbrown

MEsteelblue

MEgreenyellow

MElightgreen

MEblack

MEsaddlebrown

MEdarkorange

MEskyblue

MElightyellow

MEgreen

MEDblue

MEgrey60

MEdarkgreen

MEdarkturquoise

MEdarkgrey

MEdarkred

MEcyan

MEpaleturquoise

MEturquoise

MEroyalblue

MElightcyan

MEpink

MEyeHowI

MEgrey

Module—-trait relationships

-0.07
(0.1)

0.0021
M

0.096
(0.05)

-0.063
0.2)

-0.087
(0.07)

-0.065
(0.2)

-0.11
(0.02)

0.079
0.1)

-0.071
(0.1)

-0.11
(0.02)

-0.081
0.1)

11412
(0.01)

0.0053
(0.9)

0.01
(0.8)

-0.033
(0.5)

-0.035
(0.5)

0.021
0.7)

0.084
(0.09)

0.043
(0.4)

0.022
0.7

0.07
(0.1)

~0.0021
M

-0.096
(0.05)

0.063
(0.2)

0.087
(0.07)

0.065
(0.2)

0.11
(0.02)

-0.079
0.1)

0.071
(0.1)

0.11
(0.02)

0.081
(0.1)

0.12
(0.01)

-0.0053
(0.9)

-0.01
(0.8)

0.033
(0.5)

0.035
(0.5)

-0.021
0.7)

-0.084
(0.09)

-0.043
(0.4)

-0.022
0.7)

0.2 0.3

0.1

-0.2 -01

-0.3

1505

1569

1523

DEG PTRG
35 175
DEG ARG
61 402
ModuleGene DEG ARG PTRG

21 63





OEBPS/Images/fonc-15-1578695-g007.jpg
A 1.00

0.75

0.50 1

Estiamted Proportion

\‘ |
| |
|
W
| ‘ ‘ ‘
|
|

\ il
H‘\M ‘

inl ‘ Hil. ‘H\HH ‘ H' ’

ool ‘Hr‘li ’

. B cells memory . Macrophages MO . Monocytes . T cells CD4 memory activated - T cells gamma delta

. B cells naive . Macrophages M1 . Neutrophils

Cell Type . Dendritic cells activated . Macrophages M2 . NK cells activated . T cells CD4 naive

. T cells CD4 memory resting . T cells regulatory (Tregs)

. Dendritic cells resting . Mast cells activated - NK cells resting . T cells CD8

. Eosinophils . Mast cells resting . Plasma cells . T cells follicular helper

B
ns % ns ns ns R B ns ns e ns ns ns % ns ns ns ns ns ns ns ns
0.6
0.4
c
]
=
(8]
2
L.
0.2 l l
@ 3 O N 3 & Qe
R Y R R R A S A R S A N S S )
@ S & 9 g g ° X @ o o N & 2 ) g ) N4 N 2
NG S < & ) S ) S < & & S < S < N < N
OV I L L GV e . S S D PC R P e
& @ N & < &2 42 & N & ® & < < & & Ng Ny & &
® & & & N4 N4 s° + < & ¢ 7 © N &
& Qb é’b <~ bz& Q \ < <
Qb ) Q (&) ol \\9
< Q e ) &/ &
Q o N A
NS &
& A
A

TNFRSF25 -0.07 0.02 -0.1 0.1 =038 (014 0.17 -0.02 0.02 0.13 0.03 -0.06 004 -0.04 0.11 -0.08 0.03 0.03 -0.02 -0.02 -0.03 0.01
JUN  0.08 0.08 0.01 -0.12 -0.01 0.13 -005 -0.09 -0.04 -0.03 -0.08 0.21 0.05 -0.04 -0.08 -0.06 0.02 0.04 0.15 0.08 -0.02 0.08 Corr
PLPPR4 -0.01 -0.03 -0.01 -0.02 -0.17 0.2 -0.08 0.03 -002 -0.02 -0.13 0.09 0 -0.09 0.01 0.12 002 -0.16 0.13 -0.01 003 -0.05
0.8
FGFR1 -0.05 0.05 0.03 -0.02 0.1 0.06 -0.1 -0.07 -0.07 -0.04 -0.07 0.05 0.07 -0.03 -0.06 0.16 -0.05 -01 0.05 0.07 -0.05 0.01

EMP1 -0.01 0.09 -021 -0.16 0.06 027 -0.16 -0.08 -0.17 -0.13 -0.11 0.2 0.1 0.01 -0.04 007 -0.04 0.11 0.15 0.07 0.03 0.12

(o N N 5 R
(\’b\\\ © (ooﬁ* 02}\6 00% (\‘%\A 4 G}\(\Q A\Q) \Qe ‘\\QJO?\ b%(b G}\(\Q \\6@’6 c‘,\‘\\,@6 o ® Q’Q 6& a}\(\Q \\\e’b 6\'\(\% < {Z}Qb é&% é&%
Q > N & ke' AN A\ Q 2 &@ xS (e) (%] (%] (4} &0 xS &QJ S . QO \0
¥ & D S $ & & S S P PP e S S N
Q)O 0?}\% Q\{b% A° \\%OO 0@6\ - o6 \’\\0&% \,},@ . q"‘f@ \j\_c’?}\ e\\% i W ‘oéo ‘oé\ &oéo 006\\ e}\% 3 \oe}\ e}\% 4 & i
@ & «Q N 2 o O &S < S WO
< &0 b‘& é\e ) @)Q oN < éb @'b @'b @'b & ,\\\0 @’b &
P P . S N
S P A F &
NL O ¢ &
1) \\5.: A





OEBPS/Images/fonc-15-1578695-g009.jpg
x x
[T x
50— N
O 7 =
o w e o
[T
> 0 * o
X i *
$ ¥ : _ :
w X
o
o
© 5
< <)
S
& ()
1S9
S
[e] —
T =
o
= >
o o o o o o
n o n o n
N oN - -
iy T T L uonelBiw |29 jo JaquinN
- - o o
= g
(wu gg¥ Qo) @2uegqIOoSqY oS ,.i\vﬂ i
Pl : < a @ \.cﬂh o 2».\»:
o o . L 5 £ M.; »
M \?w ﬂ e e h_\ou
o0 eV a ]
.4‘ ) 2695, o o o8
2w et
=3 u\, R PR o m
O g6 S S n A 4g =
F_. , \C A . a. ra\‘ \(\ m
E nl\M . \“\ 1
m O ” 4 g 88 =
x L. ‘ L »\- %m\ O
ES o X4 m %05 5 S o RNy D
x _._.l 2 00 #? £ 7 o
w 08 55t ’ é n
O , - ‘1\,, .
2 . o
3 i A INE
m : ° 9 4 o .
030000 g
rOI ’ .‘. ,\\ Pl ]
T P AN 7
W Qe s -’ ' ~
C ~p 7 V. ~ . Q ‘ C
N 2 » LI e ” . N
SV} 4
© < ~ =) i g o7 . %\«v ‘.
L4494 Jo uoissaidxa aane|ay L i & g5
» k 0%,
& . i

OE-FGFR1
Group

Vector





OEBPS/Images/fonc-15-1578695-g010.jpg
o
T
Q
a o
t
3
SE L
w w
200 ®
bh b "
=
[S)
-
<
N
(=]
n
o~
o
) S 0 S
- - o o
(wu os¥ @O) @oueqiosqy
A
T
i
a
+
X
i 3
Swu & X
S W w
> 00
gon 5
5]
S
(O]
* -
0
: ¥
Ly N - o
uiajoud Jo uoissaidxa aAlje|ay
o
0.
Y-
@,
£
$)
79
O
/
&@
Y
O

o
(=
M N N v~ -

(=
o

* %%

o
n

o

n

uoiseAul |99 Jo JaquinN

OE-FGFR1+(D)-DT-2

OE-FGFR1

(=]

g [ 4 s
o 98 2 )
0 w0 . B ‘l
‘ 5 £ .
I
L 5 g
» i
53 . &7
. Rt
3 O e
R ..’sf#.\\s
L. J o v‘ ‘
.‘n\% e ¥
’ ,\\  J .D\A - v_u;
LY o ¢
.‘.,‘e ..‘\h 4





OEBPS/Images/fonc-15-1578695-g006.jpg
Antimicrobials

Chemokine_Receptors

TCRsignalingPathway

TNF_Family_Members
Interleukins
TGFb_Family_Member
Chemokines

Cytokines

TGFb_Family_Member_Receptd

Cytokine_Receptors

-9 -6 -3 0
-log10(P.Value) of GSVA score, Tumor vs Normal

Interferon_Receptor -
TGFb_Family_Member_Receptor -
Interleukins -
Cytokines -
Chemokines - corr
0.10
g
2 N 0.05
= Antimicrobials -
®© 0.00
o
-0.05
-0.10

TNF_Family_Members -

TGFb_Family_Member -

TCRsignalingPathway -

Cytokine_Receptors -

Chemokine_Receptors -

PLPPR4 JUN TNFRSF25

gene

EMP1

FGFR1

— group

Interferon_Receptor

Interleukins

Chemokine_Receptors

Cytokine_Receptors

Chemokines

Cytokines

Antimicrobials

TNF_Family_Members

TCRsignalingPathway

TGFb_Family_Member_Receptor

lI!IH!
HH '
. \ 1
!
il

TGFb_Family_Member

group

0.5 l

Normal(n=19)
Tumor(n=403)





OEBPS/Images/fonc-15-1578695-g004.jpg
A B C

6 6666665555555 255554311110 EMP1 Kaplan—Meier Curve for Overall Survival

|
pvalue Hazard ratio ] _
| H ! E Risk . group=High = group=Low
| 1 E ,,
| - T 1.004
EMP1 <0.001 1.35(1.2-1.52) | | N . . o - ,
I Cl : : =
! : : —
| ) ! ° ~TT |
GSN 0.004 1.25(1.07-1.46) | | —— g o ‘ 75
] g |
| = ' - |
1 -g °© : L3 ¢ ? 2
: A N z
| (¢} : : @ | ©
FGFR1 0.006 1.19 (1.05-1.35) | —— © = : § = ISARE 8 vso
E . : BE; 50501
! 8 o _hmbda.ise Lambda.min : % lett i E
| O =7 o1602 0.0148 |2 Lt -
‘ 1 serett] | @
PLPPR4  0.011 1.45 (1.09-1.94) : A | |3 20 Htttett et it etbitett ettt |
1 ' ' £ Lambda.iﬂse 0.251
] prig ; ; 016
I : : ~ Lambda.min Lt
JUN 0.011 1.19 (1.04-1.36) : f— = = 0012 1
- E z I N
| " 5 | e 0.00
TNFRSF25 0018  0.777 (0.63-0.958)  jrmiime—ei ! T ’ i = LlLde 3 5 m T
’ ' ’ ’ ' T T 1 T T - - time (years)
08 10 12 14 16 18 - - - - 2 : 2 ' ) L ’ Number at risk
Hazard ratio i i - - B % group=igh{ 199 20 4 0
Log Lambda Log Lambda ¢ group=Low{ 199 27 2 0
0 5 10 15
time (years)
E F
G H
FGFR1 Kaplan—-Meier Curve for Overall Survival PLPPR4 Kaplan—-Meier Curve for Overall Survival JUN Kaplan-Meier Curve for Overall Survival TNFRSF25 Kaplan-Meier Curve for Overall Survival
Risk . group=High = group=Low Risk . group=High =& group=Low Risk . group=High =& group=Low Risk - group=High = group=Low
1.00 1.00 1.004 1.00
0.75 075 0.75] 075
3 5 3 3
: % : |
8050 5050 80501 ;050
K 2 ES :
- - s
@ & a 3
025 0.25 0.25 0.25
0.00 p— 0.004 0.00
0 5 10 15
0 5 10 15 0 5 10 15 5 10 15 .
time (years) time (years) time (years) Number at risk time (years)

Number at risk Number at risk Number at risk i L:g; eratas " ) .
 group=tiigh 199 23 4 0 3 group=High{ 199 19 4 0 3 group=tigh] 199 19 2 R} . 21 2 o
& group=Low{ 199 24 2 0 ¢ oroup=Low{ 199 28 2 0 ¥ group=Lowq 199 28 4 0 0 5 10 15

0 5 ) 10 15 0 5 10 15 0 5 10 15 time (years)
time (years) time (years) time (years)





