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Background

Glutathione (GSH) metabolism supports tumor redox balance and drug resistance, while long non-coding RNAs (lncRNAs) influence lung adenocarcinoma (LUAD) progression. This study developed a prognostic model using GSH-related lncRNAs to predict LUAD outcomes and assess tumor immunity.





Methods

This study analyzed survival data from The Cancer Genome Atlas (TCGA) and identified GSH metabolism-related lncRNAs using Pearson correlation. A prognostic model was built with Cox and Least Absolute Shrinkage and Selection Operator (LASSO) methods and validated by Kaplan-Meier analysis, Receiver Operating Characteristic (ROC) curves, and Principal Component Analysis (PCA). Functional analysis revealed immune infiltration and drug sensitivity differences. Quantitative PCR and experimental studies confirmed the role of lnc-AL162632.3 in LUAD.





Results

Our model included a total of nine lncRNAs, namely AL162632.3, AL360270.1, LINC00707, DEPDC1-AS1, GSEC, LINC01711, AL078590.2, AC026355.2, and AL096701.4. The model effectively forecasted patient survival, and the nomogram, incorporating additional clinical risk factors, satisfied clinical needs adequately. Patient stratification based on model scores revealed significant disparities in immune cell composition, functionality, and mutations between groups. Additionally, variations were noted in the IC50 values for key lung cancer medications such as Cisplatin, Docetaxel, and Paclitaxel. In vitro cell experiment results showed that AL162632.3 was markedly upregulated, while AC026355.2 tended to be downregulated across these cell lines. Ultimately, suppressing lnc-AL162632.3 markedly reduced the growth, mobility, and invasiveness of lung cancer cells.





Conclusion

This study identified GSH metabolism-related lncRNAs as key prognostic factors in LUAD and developed a model for risk stratification. High-risk patients showed increased tumor mutation burden (TMB) and stemness, emphasizing the potential of personalized immunotherapy to improve survival outcomes.
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1 Introduction

Lung cancer is among the most prevalent and lethal cancers worldwide, accounting for a significant proportion of all cancer-related deaths (1). Non-small cell lung cancer (NSCLC) comprises the majority of lung cancer cases, with LUAD as the primary subtype, and is more frequently observed in non-smokers and women (2). Despite the numerous existing treatment options, only about 20% of lung adenocarcinoma patients benefit from them, and the majority of patients still experience poor survival outcomes (3). Conventional treatments have limited effects on advanced LUAD, and although targeted therapies and immunotherapy are effective, resistance and tumor heterogeneity still significantly impact treatment outcomes and patient survival rates (4). Recent advances in molecular biology and genomics have revealed complex mechanisms of tumor development, increasingly highlighting the importance of molecular markers in the diagnosis, prognostic assessment, and treatment decision-making (5). The lncRNA, as an emerging molecular marker, exhibits unique functions in regulating gene expression and affecting the tumor microenvironment (6). Exploring new lncRNA molecular markers and related prognostic models can facilitate early cancer screening, precise diagnosis, and the formulation of personalized treatment plans, thereby improving therapeutic effectiveness.

lncRNAs are RNA molecules exceeding 200 nucleotides in length and do not code for proteins (7). Although lncRNAs do not encode proteins, they are critical in gene expression regulation, chromatin modification, and post-transcriptional control. Recently, research on lncRNAs has greatly expanded their applications in the biomedical field, particularly in cancer research (8). For example, MALAT1 (Metastasis Associated Lung Adenocarcinoma Transcript 1) is highly expressed in lung cancer and is closely associated with poor prognosis, promoting tumor metastasis by regulating gene transcription and RNA splicing (9). In breast cancer, high HOTAIR expression promotes chromatin changes, enhancing tumor invasion and metastasis, and correlates with lower survival rates (10). Additionally, H19, a significant lncRNA, regulates multiple signaling pathways in liver and colorectal cancer, affecting tumor cell proliferation and survival (11). Importantly, lncRNAs not only regulate the onset and progression of tumors but also serve as potential therapeutic targets and prognostic markers. For instance, studies have shown that lncRNA-ATB can alter the growth characteristics of liver cancer cells by enhancing the TGF-β signal to promote their metastasis (12). Currently, the specific roles of lncRNAs in the tumor microenvironment and their potential clinical applications still require further exploration.

GSH is a crucial intracellular antioxidant composed of glutamic acid, cysteine, and glycine (13). GSH plays a significant role in maintaining cellular redox balance by reducing hydrogen peroxide and lipid peroxides, thus protecting cells from oxidative stress damage (14). In tumor cells, GSH metabolism pathways are often remodeled to cope with oxidative stress and metabolic demands brought about by rapid proliferation (15). Tumor cells resist the toxicity of chemotherapy drugs by enhancing GSH synthesis or reducing its consumption, leading to chemotherapy resistance (16). Furthermore, it has been found that inhibiting GSH synthesis can enhance the efficacy of immunotherapy, boosting the anti-tumor immune response (17). Investigating the metabolic functions of GSH in tumors aids in the creation of novel therapeutic approaches for tackling tumor resistance and immune escape, ultimately enhancing patient treatment outcomes and survival rates (18).

Through the analysis of TCGA dataset, this research has identified long lncRNAs related to GSH metabolism and has developed a new type of risk assessment model accordingly. We developed and validated a nomogram model that integrates features of GSH metabolism-related lncRNAs with clinical factors. Additionally, based on functional analysis of model differential genes, we also explored whether the model could preliminarily predict drug treatment outcomes for LUAD patients. Finally, we performed preliminary validation of the lncRNAs in the model in both normal and tumor cell lines.




2 Materials and methods



2.1 Data acquisition

By May 9, 2024, our research had retrieved 600 files from the TCGA official site (https://cancergenome.nih.gov/), encompassing RNA-seq expression matrices and clinical data for 517 LUAD patients. This study utilized Active Perl software for preprocessing the raw files, creating a consolidated table of gene and clinical information. Using the metadata gene annotation file downloaded from the official website, this study converted Ensembl IDs to common official gene names using Active Perl. Before analyzing the expression data, all data were normalized using log2 transformation. Somatic mutation information for all LUAD patients was downloaded from the TCGA official website. After excluding 10 patients with incomplete clinical information, further analysis included 507 patients. This study used the createDataPortion package to randomly split patients into training (355 individuals) and test (152 individuals) groups. Additionally, the grouped data passed clinical statistical difference testing. Based on the annotation files from the Ensembl human genome browser GRCh38, this study performed iterative processing on all genes using Active Perl, extracting the expression matrices for mRNA and lncRNA. Integrating published papers and data from the GSEA official site, this study identified 87 crucial genes. Since all data in this study came from publicly accessible databases and followed TCGA database publication guidelines, ethics committee approval was omitted. This study adhered to the 2013 revised Declaration of Helsinki.




2.2 Identification of lncRNAs related to GSH metabolism

Based on the research by Shi et al. (19) and MSigDB, we identified 78 genes associated with GSH metabolism. From the obtained gene list, we extracted expression data for GSH-related genes. The limma software package was utilized for co-expression analysis. Using filters with a Pearson correlation coefficient greater than 0.4 and a p-value below 0.001, we identified 1748 lncRNAs associated with GSH metabolism. These thresholds were chosen to balance biological relevance, statistical significance, and clinical translational feasibility. Based on the identified lncRNA gene names, we extracted the corresponding expression matrix for GSH metabolism-related lncRNAs.




2.3 Construction and validation of a prognostic model for GSH-related lncRNA characteristics

Employing the Survival software, COX univariate regression analysis was conducted on lncRNA expression and survival data for the training cohort, with a filter threshold of p < 0.001. Subsequently, feature lncRNAs in the prognostic model were selected using a combined LASSO-COX model (20). Additionally, the independent correlation of the key lncRNAs selected in the model must meet the requirements of multiple linear stepwise regression analysis. Concurrently, the minimum Akaike Information Criterion (AIC) is calculated to obtain optimal simulation effects (21). Ultimately, the prognostic model includes 9 lncRNAs, with the risk scoring formula as:

	

where α i represents the regression coefficient of the ith lncRNA obtained from the multivariate Cox regression analysis, and β i represents the expression value of each GSH metabolism-related lncRNAs.These coefficients are fixed values derived from the training dataset.The expression levels of the selected lncRNAs, which vary with each patient sample, were then multiplied by their respective coefficients to compute the individualized Risk score. Using the “survival” and “survminer” packages, KM curves for OS and PFS were plotted, with statistical differences assessed via the log-rank test. The “timeROC” package was utilized for receiver operating characteristic (ROC) analysis, computing the AUC value. The C-index value was derived through the Hmisc package in conjunction with patient survival information analysis. The “scatterplot3d” package was used for PCA principal component analysis and visualization of model-related lncRNAs, all genes, and GSH-related genes and lncRNAs.




2.4 Construction and calibration of predictive nomograms

In this study, we used the median risk score as the cutoff value for grouping, evenly distributing patients into high-risk and low-risk groups. By integrating routine clinical data with model risk assessments, this study utilizes the rms, regplot, and Survival packages to construct clinically relevant nomograms. These nomograms aim to accurately predict patients’ overall survival (OS) rates. Furthermore, we meticulously generated the corresponding calibration curves to validate the predictive accuracy.




2.5 Functional enrichment analysis

Using the limma software package, we identified differentially expressed genes between high and low risk groups of LUAD patients (log2FC>1,FDR<0.05). According to the descending order of p-values, we selected the top ten significant and meaningful results. These results were visualized using different packages like ggplot2, circlize, and ComplexHeatmap (21, 22). The GSEA software package was used for gene set enrichment analysis, comparing pathway gene sets in the KEGG database to evaluate the association of lncRNAs involved in model construction with these gene sets. Finally, we visualized the top five results using the clusterProfiler (23) and enrichplot packages.




2.6 Analysis of tumor mutational burden and tumor immune microenvironment

Through the CIBERSORT package, the immune infiltration results in tumor samples of LUAD patients were obtained. The study comprehensively assessed how model risk scores correlate with various immune cell types using multiple algorithms (24–30). The GSVA package evaluated the correlation between 13 immune function genes and LUAD transcriptome expression (31). The Maftools software package (32) is used to process and analyze the proportions of missense mutations, nonsense mutations, frameshift deletions, frameshift insertions, inframe deletions, and multiple mutations in high-frequency mutated genes and tumor-related genes.




2.7 Prediction of immunotherapy efficacy and potential chemotherapeutic drug screening

The limma package integrated the immunotherapy data with patient risk group information, and the ggpubr package generated violin plots for cohorts. Screening of potential chemotherapeutic drugs is conducted using the oncoPredict package (33). Obtain the GDSC2 training dataset (https://www.cancerrxgene.org/) containing 198 chemotherapy drugs from the oncoRespond section on the OSF site. Conduct drug sensitivity analysis using the calcPhenotype function to calculate IC50. Set the significance filtering threshold to a p-value less than 0.001.




2.8 cell line culture

HBE cells and NSCLC cell lines were acquired from the Chinese Cell Resource Center. Cells were cultured in complete medium with 10% fetal bovine serum (FBS, Gibco brand), under incubator conditions of 5% CO2, 37°C, and 95% humidity.




2.9 Cell transfection

RNAi reagents and transfection aids were supplied by genepharma, with detailed interference sequences available in Supplementary Table 1. Cells were plated a day before transfection, ensuring that cell density reached approximately 50%-60% confluency on the day of transfection. RNAi reagents were preincubated with transfection enhancers and subsequently allowed to equilibrate at room temperature for 20 minutes to optimize complex formation. During the resting period, medium exchange was conducted, and the settled transfection complex was introduced to the culture plates, with timely replenishment or replacement of the medium depending on cell growth conditions. Transfection efficiency was assessed 48 hours after the procedure.




2.10 Real-time quantitative PCR

Total RNA was extracted from cells using TRIzol reagent as per the protocol outlined in the manual (Vazyme, Cat No. R701-01). The RNA concentration and purity were then assessed using the Nanodrop 2000 spectrophotometer. By adhering to the cDNA synthesis kit’s instructions (Vazyme, Cat No. Q141-02/03), reverse-transcribed cDNA was generated through RT-PCR amplification. The quantitative results of gene expression were collected and analyzed on the StepOne Plus system. The data were analyzed using the 2^(-ΔΔCt) method. GAPDH was used as an internal reference gene to normalize the target genes.




2.11 colony formation assays

Cells in good condition 48 hours post-transfection were selected for counting. Both experimental and control plates were prefilled with serum-free medium. Based on the calculations, 500 cells were evenly seeded per well and incubated for two weeks. After culturing, cells were washed twice with PBS and fixed in 4% paraformaldehyde for 10 minutes. After a PBS wash, cells were stained with crystal violet for 10 minutes, rinsed under running water for 5 minutes, and the plates were dried and photographed.




2.12 CCK8 proliferation assays

Digest and count cells in good condition and in the logarithmic growth phase after transfection, adjusting the cell density to 5×10³ cells/ml with blank medium. Add 200 µl of the adjusted cell suspension to each well of a 96-well plate, and measure the optical density (OD) at 24, 48, 72, and 96 hours post cell adherence. Subsequently, 10 µl of CCK8 reagent was meticulously added to each well, followed by an incubation period of 2 hours. Absorbance was then precisely measured at 450 nm using a spectrophotometer.




2.13 Cell invasion assay

Prior to the experiment, evenly distribute the matrix gel at the bottom of the Transwell chambers and incubate until the gel completely solidifies. On the experiment day, select well-conditioned and logarithmically growing post-transfection cells for trypsin digestion and counting. Resuspend the cells in serum-free medium, adjusting the density to 2.5×10^5 cells/ml. Extract the Transwell chambers, aspirate excess medium or liquid from the upper compartment, and add 200 µl of adjusted cell suspension to it, along with 500 µl of complete medium to the lower compartment. Continue culturing the Transwell chambers in the incubator for 48 hours, then proceed with further processing. Remove the old medium, wash the chambers twice with PBS, and fix the cells in 4% paraformaldehyde for 10 minutes. After removing the fixative, apply 0.1% crystal violet stain for 10 minutes. Next, remove the staining solution and wash the Transwell chambers three times with deionized water to eliminate excess dye. Lastly, use a damp cotton ball to gently wipe the upper surface of the chamber, removing cells that have not penetrated the matrix gel. Allow the chambers to air dry at room temperature, then examine and photograph the results under a microscope.




2.14 Wound healing test

Prior to the experiment, each well of the culture plate is prefilled with 2 ml of blank medium. Digest and count cells in good condition and in the logarithmic phase after transfection, resuspending them in blank medium. Add 400,000 cells evenly to each well. Once cells adhere, remove them using a 200 µl pipette tip and wash once with PBS. Add blank medium and incubate for 48 hours. Remove the plate, wash with PBS, and use a microscope to photograph and document the scratch healing process.




2.15 Xenograft model

Ten genetically defined, 5-week-old female nude mice were procured from the Jiangsu Jicui official website and randomly assigned into two groups. Prior to the experiment, target cells and empty vector control cells, both in optimal condition and the logarithmic growth phase, were precultured. Cells were trypsinized, resuspended in sterile Phosphate-Buffered Saline (PBS), and the concentration was adjusted to 4×10^3 cells/µl. Each mouse received a subcutaneous injection of 200 µl of this suspension into the right axillary region. Tumor dimensions were measured every three days with calipers. After one month, the mice were euthanized, and the tumors were excised, weighed, and measured for volume. The study was approved by the Yangzhou University Animal Experiment Ethics Review Committee, adhering strictly to ethical guidelines.




2.16 Statistical analysis

Statistical analysis was conducted in R (version 4.3.0). For evaluating the differences between pairs of groups, the Wilcoxon rank-sum test was employed. In contrast, differences across multiple groups were determined using the Kruskal-Wallis test. Results were deemed statistically significant at a p-value below 0.05.





3 Results



3.1 Identification of GSH metabolism-related lncRNAs

Figure 1 showed the flowchart of this study. This study included samples from 541 cancer patients, identifying 16,876 lncRNAs from 59,427 genes in the transcripts. The GSH-related gene set used in this study included 87 genes such as ABCC1, ABCC4, ABCC5. A comprehensive analysis revealed 1,748 lncRNAs associated with GSH metabolism, characterized by a correlation coefficient exceeding 0.4 and a p-value below 0.001 (Figure 2A).




Figure 1 | Flow diagram.






Figure 2 | Identification and Prognostic Model Construction of GSH Metabolism-related lncRNAs. (A) The Sankey diagram shows the co-expressed GSH metabolism-related genes and lncRNAs. (B) ten-fold cross-validation. (C) LASSO coefficient curves. (D) Correlation heatmap between lncRNAs and gene sets.






3.2 Development and assessment of the prognostic GSH-based risk model

This study included 507 samples for the construction of a GSH-related lncRNA risk model. Using the createDataPartition package, we randomly assigned all samples into a training set (355 persons) and a testing set (152 persons), without statistical differences in clinical data between the two groups (Supplementary Table 2). Through LASSO-COX analysis (P<0.05), we identified 9 lncRNAs significantly associated with prognosis (Figures 2B, C; Supplementary Table 3). Risk scores for patients in both the training and testing groups were calculated using the formula, and patients were divided into high and low risk groups based on the median value (Supplementary Table 4). The correlation heatmap in Figure 2D showed the relationship between the GSH metabolism gene set and the model-building lncRNAs. The K-M analysis demonstrated that high-risk patients have significantly lower overall survival (OS) than low-risk patients in both the training and testing groups (Figures 3A–C). The PFS analysis results were consistent with the aforementioned OS results, P<0.05 (Figure 3D). The risk curves indicated a positive correlation between rising risk scores and increasing patient mortality. The correlation heatmap showed that the expression of lncRNAs such as AL162632.3, AL360270.1, LINC00707, DEPDC1-AS1, GSEC, and LINC01711 increases with rising risk scores, while the expression of AL078590.2, AC026355.2, and AL096701.4 decreases (Figures 3E–G).




Figure 3 | Survival analysis and validation. (A) K-M curves for OS in the training set, (B) validation set, (C) overall cohort. (D) K-M curves for PFS in the overall cohort. (E) (training set), (F) (validation set), (G) (overall set) risk score plots, survival status graphs, and heatmaps.






3.3 Validate the independence of the constructed model in LUAD

Independent prognostic evaluation consistently showed that the model yielded hazard ratios (HRs) exceeding 1, with highly significant p-values observed across univariate and multivariate Cox regression analyses (Figures 4A, B). We conducted ROC curve analyses to explore the model’s predictive capability on patient prognosis (Figure 4C). The prognostic model demonstrated the highest AUC and C-index values compared to clinical factors (e.g., age and stage) (Figures 4D, E). To investigate the model’s applicability across different cancer stages, we divided patients into early and late stages and conducted OS analysis; the results demonstrated that, in both early and late stages, the high and low-risk scores clearly distinguished between patients’ survival durations (Figures 5C, D).




Figure 4 | Independent prognostic analysis and PCA analysis. (A, B) Cox regression analysis. (C) Time-dependent ROC curves for overall survival (OS). (D) ROC curves and (E) C-index for risk scores and other clinical risk factors. (F) PCA for the whole genome, (I) GSH metabolism genes, (G) all GSH metabolism-related lncRNAs, and (H) model-related lncRNAs.






Figure 5 | Nomogram Development and Validation (A) Nomogram. (B) Corresponding calibration curve. (C, D) K-M analysis of OS.






3.4 PCA and nomogram

PCA presented in Figures 4F–I showed that the lncRNA model we developed could best distinguish patients. Figures 5A, B showed the clinical nomogram, where each clinical factor is scored, and the sum of all factors’ scores was the total composite score. According to the scale for the composite score, one can estimate the survival probabilities for 1 year, 3 years, and 5 years for patients. For instance, a patient with a total score of 146 exhibited survival probabilities of 0.961 at 1 year, 0.853 at 3 years, and 0.708 at 5 years, respectively.




3.5 Functional enrichment analysis

We conducted a detailed investigation into the prognostic influence of critical lncRNAs on LUAD survival by differentially analyzing high and low risk groups (logFC > 1, FDR < 0.05), identifying 447 significant genes (Supplementary Table 5). GO functional analysis indicated that the differentially expressed genes primarily cluster in immune cell infiltration (like chemotaxis induction, migration of myeloid cells), immune activation (such as antimicrobial humoral response (GO:0019730), humoral immune response (GO:0006959), and antimicrobial peptide-driven humoral immunity (GO:0061844)), extracellular matrix (ECM) remodeling (including collagen-rich ECM, cytoplasmic vesicles, lamellar bodies), and cytokine-cytokine receptor interactions (such as regulation of endopeptidase activity) (Figures 6A, B).The results of the KEGG pathway analysis, represented through bubble charts and histograms, demonstrated an enrichment of these different genes in pathways that regulate immune cells, including the ras signaling pathway, the pi3k-akt signaling pathway, and cytokine-cytokine receptor interactions (Figure 6C). GSEA analyses were conducted for each gene within the model, such as AL360270.1, which showed that most lncRNAs are linked to pathways involved in cancer, immunity, and metabolism (Figure 6D).




Figure 6 | Gene function enrichment analysis. (A) Bar graphs and (B) chord diagrams displaying significant GO enrichment outcomes. (C) Bubble charts illustrating significant KEGG enrichment findings. (D) GSVA analysis for lncRNA (AL360270.1).






3.6 Evaluation of tumor-immune landscape and analysis of immune related function

Figure 7A showed the proportions of typical immune cells in LUAD patient samples from the TCGA database. Figure 7E demonstrated that while there were no significant differences in stromal cell scores, patients classified as high-risk exhibited notably lower immune cell scores within TME and overall estimation scores compared to those at low risk. We employed tools like XCELL, TIMER, QUANTISEQ, and MCPCOUNTER for correlation analysis, as depicted in the bubble chart of Figure 7B. We further explored the interactions between these immune cells. Figure 7D depicted the correlations between immune cells in the tumors of these patients. Figure 7C showed the heatmap of correlations between LUAD samples and immune functions, indicating significant differences between the high and low risk groups in classical immune functions such as Type II IFN Response, Type I IFN Response, HLA, etc.




Figure 7 | Immunological relevance analysis. (A) Stacked bar charts showing the composition ratios of classic immune cells in LUAD patient samples. (B) Bubble charts showing immune cell infiltration. (C) Analysis of the correlation between risk scores and immune pathways. (D) Correlation heatmap. (E) Violin plots showing the stroma, immune, and estimated scores. (F) Correlation analysis between risk scores and tumor stemness.






3.7 TMB

Tumor mutational burden analysis revealed higher mutation rates in key genes including TP53, KRAS, and COL11A1 in the high-risk group. Waterfall and violin plots demonstrated that the tumor mutational burden in the high-risk group is significantly higher than that in the low-risk group (Figures 8A–C). Kaplan-Meier analysis showed significantly longer survival in patients with high TMB compared to those with low burden (Figure 8D). Finally, we divided all patients into four groups based on risk scores and levels of tumor mutational burden to analyze differences in survival. The results showed that high TMB and low-risk groups had the longest survival time, while those in the low TMB and high-risk groups had the shortest survival time, with statistically significant differences in survival among the four groups (Figure 8E).




Figure 8 | Examination of TMB. (A, B) Waterfall plots displaying notable gene mutations. (C) Comparative analysis of TMB. (D) K-M curve analysis evaluating the effect of high and low TMB on overall survival (OS). (E) K-M curve analysis of patient overall survival (OS) according to TMB and risk scores. (F) Analysis of the relationship between risk scores and immunotherapy responses. *** p < 0.001.






3.8 Immunotherapy for risk signature and prediction of potential drugs.

Based on the discovery that risk scores were closely related to immunity, we further used existing TIDE data to predict patient drug response. The findings reveal markedly reduced TIDE scores in the high-risk cohort relative to the comparison group (Figure 8F). Furthermore, analysis of tumor stem cell indices demonstrated a positive correlation with risk scores, indicating increased tumor stemness (Figure 7F). Subsequently, we used the oncoPredict package to screen for potential sensitivity drugs. The results indicated that drugs like Cisplatin, Docetaxel, Gemcitabine, Vinorelbine, and Paclitaxel significantly differed in IC50 values (Figure 9). Detailed results were presented in the Supplementary Files.




Figure 9 | Drug sensitivity analysis. (A–G) Currently Approved and Investigational Sensitive Drugs for Lung Cancer Based on Model Predictions.






3.9 Expression confirmed through in vitro experiments

We used qPCR to verify the expression levels of lncRNAs with independent prognostic significance to validate the importance of lncRNAs in the model. Compared to the normal cell line HBE, the expression of AL162632.3 significantly increased in the selected cancer cell lines PC9, H1299, A549, and H1975, particularly in H1299 cells. Expression of LINC01711 rose in lung cancer cell lines including PC9, H1299, and H1975 but fell in A549.GSEC showed no significant changes in expression in these cancer cell lines (Figure 10A). AC026355.2 was significantly downregulated in all four cancer cell lines. Conversely, expression of AL096701.4 declined in the PC9, H1299, and A549 cell lines, while it increased in H1975 (Figure 10B).




Figure 10 | Validation of the expression of lncRNAs in vitro cell experiments. Analysis of expression levels of lncRNAs associated with (A) risk factors and (B) protective factors in HBE, PC9, H1299, A549, and H1975. * p < 0.05, ** p < 0.01, *** p < 0.001, **** p < 0.0001.






3.10 Decreased lnc-AL162632.3 expression inhibited LUAD proliferation, migration and invasion

Using RNAi technology, we effectively knocked down the highly expressed lnc-AL162632.3 in H1299 and A549 lung cancer cell lines. The RNAi efficiency was validated through qPCR, identifying RNA3 as the most effective. Consequently, we selected siRNA3 for all subsequent experiments. CCK8 proliferation and colony formation assays showed that knocking down lnc-AL162632.3 significantly reduced cell growth compared to the control group. Wound healing and invasion assays further demonstrated that suppression of lnc-AL162632.3 markedly weakened the motility of the cancer cells (Figure 11). In vivo, tumors in the lnc-AL162632.3 knockdown mice were noticeably smaller and lighter than the controls (Figure 12).




Figure 11 | Downregulation of lnc-AL162632.3 inhibits LUAD growth. (A, B) Verification of interference efficiency. (C, D) CCK8 proliferation curves. (E, F) Colony formation assay. * p < 0.05, ** p < 0.01, *** p < 0.001, **** p < 0.0001.






Figure 12 | Downregulation of lnc-AL162632.3 inhibits migration and invasion in LUAD. (A, B) Wound healing assay. (C) Invasion assay. (D-F) Xenograft tumor model in nude mice. * p < 0.05, ** p < 0.01, *** p < 0.001, **** p < 0.0001.







4 Discussion

Lung cancer is one of the most common malignancies worldwide and is a leading cause of cancer-related deaths (1). In China, LUAD represents the predominant subtype of non-small cell lung cancer (34). The majority of patients are diagnosed at advanced stages, at which point surgery is often no longer viable. Despite some effectiveness of targeted and immunotherapies, the issue of resistance persists, resulting in poor long-term survival rates. Hence, the investigation and detection of molecular markers are crucial for identifying patients suitable for specific therapies and monitoring resistance, thereby enhancing treatment strategies and prognoses. GSH metabolism is pivotal in the onset, progression, and immune response of tumors (35, 36). GSH regulates cell proliferation, apoptosis, and immune function (37). Novel therapeutic approaches targeting GSH metabolism could enhance treatment efficacy and address drug resistance. LncRNAs have been reported to play an irreplaceable role in many cancers, particularly in lung cancer research, with examples including MALAT1 and LINC00707 (9, 36). This study aims to investigate and validate GSH metabolism-related lncRNAs in LUAD, to assess their role in prognosis and immune response, and to enhance personalized treatment outcomes.

Initially, lncRNAs related to GSH metabolism were identified through co-expression analysis, and prognostically significant lncRNAs were selected using LASSO-Cox analysis. The criteria for lncRNA selection (Pearson correlation > 0.4, p < 0.001) were established to balance biological relevance, statistical significance, and clinical feasibility. This ensured the identification of highly relevant lncRNA features, enhancing model interpretability and predictive accuracy and avoiding unnecessary complexity. Six risk factors (AL162632.3, AL360270.1, LINC00707, DEPDC1-AS1, GSEC, and LINC01711) and three protective factors (AL078590.2, AC026355.2, and AL096701.4) were included. LINC00707 has been shown to play significant biological roles in various cancers by interacting with Smad proteins to regulate TGFβ signaling and promote cancer cell invasion (38). Its oncogenic function is further supported by studies in breast and gastric cancers, where elevated LINC00707 expression is associated with reduced patient survival (39). DEPDC1-AS1, an antisense RNA of DEPDC1, promotes proliferation and migration of human gastric cancer cells HGC-27 via the R-F11R pathway (40). LINC01711 can also promote hepatic fibrosis cell proliferation and migration by regulating XYLT1 (41). Moreover, this study is the first to report that AL162632.3, AL360270.1, GSEC, AL078590.2, AC026355.2, and AL096701.4 may be related to the prognosis of LUAD. Although not previously associated with tumor prognosis, these lncRNAs provide new insights into LUAD pathogenesis and warrant further investigation.

Samples were randomly divided into training and validation sets at a 7:3 ratio, and patients were stratified into high- and low-risk groups using the median risk score. Kaplan-Meier analysis showed significantly worse prognosis for the high-risk group, which was consistent across different cohorts, with DFS and risk curves aligning with OS results. The model outperformed clinical factors in predicting LUAD prognosis, as confirmed by ROC and C-index analyses. PCA demonstrated that the lncRNAs in the model effectively differentiated risk groups. The nomogram integrating clinical features enabled personalized prognostic stratification for post-surgical LUAD patients. High-risk individuals may benefit from additional treatments, such as immunotherapy or adjuvant chemotherapy. Enhanced follow-up strategies could further aid in early recurrence detection.

Functional analysis of differentially expressed genes revealed enrichment in immune-related pathways, including cytokine-cytokine receptor interactions and hematopoietic lineage. These findings highlight their critical role in immune regulation. CIBERSORT analysis showed increased immunosuppressive Tregs and M2 macrophages in the high-risk group, alongside reduced CD8+ T cells and M1 macrophages, indicating an immunosuppressive microenvironment conducive to tumor progression. Furthermore, the high-risk group exhibited impaired immune functions, including reduced Type II interferon responses. In contrast, the low-risk group demonstrated enhanced MHC class I expression and cytotoxic activity, underscoring the importance of immune modulation in prognosis and therapy.

Mutation analysis revealed significantly higher TMB in the high-risk group, primarily driven by mutations in key genes such as TP53, KRAS, and MUC16 (42–44). High TMB correlated with better survival rates (p=0.024), but patients in the high-risk group with low TMB had the worst outcomes, which is likely attributable to reduced immunogenicity and increased tumor aggressiveness. Conversely, patients with high TMB and low-risk scores had the best survival, suggesting a favorable response to immunotherapy. Tumor stemness analysis showed that higher RNAss correlated with increased risk scores (R = 0.22, p = 3.7e−07). This finding indicates that high-risk tumors possess stronger stemness traits linked to aggressiveness and treatment resistance. Clinically, targeting tumor stemness could improve patient outcomes. TIDE analysis revealed that low-risk tumors, despite their better prognosis, exhibited strong immune evasion features, highlighting the importance of developing personalized immunotherapy strategies. Chemotherapy sensitivity analysis showed reduced efficacy of standard agents in the high-risk group but increased sensitivity to targeted therapies like Selumetinib, Ribociclib, and Axitinib. These findings highlight the reliance of high-risk tumors on specific pathways, providing guidance for future therapeutic strategies.

Additionally, we conducted independent prognostic analyses on 9 lncRNAs involved in the model construction and identified 5 statistically significant lncRNAs: 3 risk factors (AL162632.3, LINC01711, and GSEC) and 2 protective factors (AC026355.2 and AL096701.4). ts showed close alignment with prior bioinformatics analysis. In particular, AL162632.3 was upregulated in all selected lung cancer cell lines, with the most notable expression in the H1299 cell line. The high expression of AL162632.3 may promote malignant behaviors in lung cancer cells. In contrast, AC026355.2 showed marked downregulation in the selected lung cancer cell lines, suggesting its potential anticancer activity. The downregulation of AC026355.2 may lead to a weakened response to growth-inhibiting signals in lung cancer cells, thereby aiding the progression of lung cancer. Hence, reinstating the expression of AC026355.2 could suppress lung cancer cells, providing a potential therapeutic target for lung cancer.

RT-qPCR analysis confirmed significant overexpression of lnc-AL162632.3 in lung cancer cell lines. To investigate its biological role, we transiently knocked down lnc-AL162632.3 in H1299 and A549 cells using RNAi technology. Knockdown significantly reduced cell proliferation, as shown by CCK8 and colony formation assays, and impaired migration and invasion in wound healing and invasion assays. In vivo, subcutaneous tumor models in nude mice revealed that tumors in the knockdown group were significantly smaller in volume and weight compared to controls. These findings indicate that lnc-AL162632.3 overexpression promotes lung cancer progression. To elucidate its regulatory mechanisms, future research will employ transcriptome sequencing to identify potential targets, such as GSH metabolism-related enzymes (e.g., GCLC, GSS) or signaling pathways influencing the tumor immune microenvironment. Additionally, RNA immunoprecipitation (RIP), chromatin immunoprecipitation (ChIP), and luciferase reporter assays will be used to validate these regulatory mechanisms.

This study highlights the role of GSH metabolism-related lncRNAs in LUAD while acknowledging certain limitations. The mechanisms by which lncRNAs regulate GSH metabolism remain unclear. The lack of suitable lncRNA probes has limited external validation, which we plan to address with RNA-seq in clinical samples. While LASSO-Cox was used for feature selection, future studies with larger samples should compare other methods like random forests. The nomogram predicts LUAD prognosis effectively but faces challenges such as individual variability in treatment response and lncRNA detection feasibility in clinical settings.




5 Conclusions

This study demonstrated the prognostic importance of GSH metabolism-related lncRNAs in lung adenocarcinoma and developed a risk stratification model, which was further integrated into a nomogram for enhanced clinical applicability. High-risk patients were characterized by increased TMB and stemness, suggesting a strong link between gene mutations and patient outcomes. These findings underscore the potential of the model and nomogram to guide personalized immunotherapy strategies and improve survival in lung adenocarcinoma.





Data availability statement

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





Ethics statement

The animal study was approved by The Laboratory Animal Ethics Committee of Yangzhou University. The study was conducted in accordance with the local legislation and institutional requirements.





Author contributions

JuH: Conceptualization, Data curation, Formal analysis, Investigation, Software, Supervision, Visualization, Writing – original draft, Writing – review & editing. ST: Methodology, Writing – review & editing. QL: Writing – review & editing, Methodology. JiH: Writing – review & editing, Supervision. JW: Supervision, Writing – review & editing, Visualization. XW: Funding acquisition, Methodology, Project administration, Resources, Validation, Writing – review & editing. YS: Funding acquisition, Methodology, Project administration, Resources, Validation, Writing – review & editing.





Funding

The author(s) declare financial support was received for the research, authorship, and/or publication of this article. This study was supported by the Jiangsu Provincial Health Commission Research Project on Elderly Health (LKZ2022019), Yangzhou Social Development and Clinical Frontier Technology Project (YZ2023084), Yangzhou Innovation Capability Building Design Plan Project (YZ2022168) and Yangzhou Social Development and Clinical Frontier Technology Project (YZ2021078).





Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2025.1477437/full#supplementary-material




References

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

2. Planchard, D, Popat, S, Kerr, K, Novello, S, Smit, EF, Faivre-Finn, C, et al. Correction to: “Metastatic non-small cell lung cancer: ESMO clinical practice guidelines for diagnosis, treatment and follow-up. Ann Oncol. (2019) 30:863–70. doi: 10.1093/annonc/mdy474

3. Hirsch, FR, Scagliotti, GV, Mulshine, JL, Kwon, R, Curran, WJ, Wu, YL, et al. Lung cancer: current therapies and new targeted treatments. Lancet. (2017) 389:299–311. doi: 10.1016/S0140-6736(16)30958-8

4. Mamdani, H, Matosevic, S, Khalid, AB, Durm, G, and Jalal, SI. Immunotherapy in lung cancer: current landscape and future directions. Front Immunol. (2022) 13:823618. doi: 10.3389/fimmu.2022.823618

5. Raoof, S, Mulford, IJ, Frisco-Cabanos, H, Nangia, V, Timonina, D, Labrot, E, et al. Targeting FGFR overcomes EMT-mediated resistance in EGFR mutant non-small cell lung cancer. Oncogene. (2019) 38:6399–413. doi: 10.1038/s41388-019-0887-2

6. Xiong, XD, Ren, X, Cai, MY, Yang, JW, Liu, X, and Yang, JM. Long non-coding RNAs: an emerging powerhouse in the battle between life and death of tumor cells. Drug Resist Update. (2016) 26:28–42. doi: 10.1016/j.drup.2016.04.001

7. Volders, PJ, Anckaert, J, Verheggen, K, Nuytens, J, Martens, L, Mestdagh, P, et al. LNCipedia 5: towards a reference set of human long non-coding RNAs. Nucleic Acids Res. (2019) 47:D135–9. doi: 10.1093/nar/gky1031

8. Chandra Gupta, SC, and Nandan Tripathi, Y. Potential of long non-coding RNAs in cancer patients: from biomarkers to therapeutic targets. Int J Cancer. (2017) 140:1955–67. doi: 10.1002/ijc.30546

9. Martinez-Terroba, E, Plasek-Hegde, LM, Chiotakakos, I, Li, V, de Miguel, FJ, Robles-Oteiza, C, et al. Overexpression of malat1 drives metastasis through inflammatory reprogramming of the tumor microenvironment. Sci Immunol. (2024) 9:96. doi: 10.1126/sciimmunol.adh5462

10. Raju, GS, Pavitra, E, Bandaru, SS, Varaprasad, GL, Nagaraju, GP, Malla, RR, et al. HOTAIR: A potential metastatic, drug-resistant and prognostic regulator of breast cancer. Mol Cancer. (2023) 22:65. doi: 10.1186/s12943-023-01765-3

11. Sun, Y, Zhao, Y, Ni, X, Yang, Y, Fu, Z, Liu, R, et al. In vivo self-assembled small RNA targets H19 lncRNA for the treatment of colorectal cancer. J Control Release. (2023) 358:142–60. doi: 10.1016/j.jconrel.2023.04.026

12. Tang, F, Wang, H, Chen, E, Bian, E, Xu, Y, Ji, X, et al. LncRNA-ATB promotes TGF-β-induced glioma cells invasion through NF-κB and P38/MAPK pathway. J Cell Physiol. (2019) 234:23302–14. doi: 10.1002/jcp.28898

13. Xiao, Z, La Fontaine, S, Bush, AI, and Wedd, AG. Molecular mechanisms of glutaredoxin enzymes: versatile hubs for thiol-disulfide exchange between protein thiols and glutathione. J Mol Biol. (2019) 431:158–77. doi: 10.1016/j.jmb.2018.12.006

14. Diaz-Vivancos, P, de Simone, A, Kiddle, G, and Foyer, CH. Glutathione–linking cell proliferation to oxidative stress. Free Radic Biol Med. (2015) 89:1154–64. doi: 10.1016/j.freeradbiomed.2015.09.023

15. Kennedy, L, Sandhu, JK, Harper, ME, and Cuperlovic-Culf, M. Role of glutathione in cancer: from mechanisms to therapies. Biomolecules. (2020) 10:1429. doi: 10.3390/biom10101429

16. Mirzaei, S, Mohammadi, AT, Gholami, MH, Hashemi, F, Zarrabi, A, Zabolian, A, et al. Nrf2 signaling pathway in cisplatin chemotherapy: potential involvement in organ protection and chemoresistance. Pharmacol Res. (2021) 167:105575. doi: 10.1016/j.phrs.2021.105575

17. Townsend, DM, and Tew, KD. The role of glutathione-S-transferase in anti-cancer drug resistance. Oncogene. (2003) 22:7369–75. doi: 10.1038/sj.onc.1206940

18. Marini, HR, Facchini, BA, di Francia, R, Freni, J, Puzzolo, D, Montella, L, et al. Glutathione: lights and shadows in cancer patients. Biomedicines. (2023) 11:2226. doi: 10.3390/biomedicines11082226

19. Shi, H, Yuan, X, Yang, X, Huang, R, Fan, W, and Liu, G. A novel diabetic foot ulcer diagnostic model: identification and analysis of genes related to glutamine metabolism and immune infiltration. BMC Genomics. (2024) 25:125. doi: 10.1186/s12864-024-10038-2

20. Tibshirani, R. The lasso method for variable selection in the cox model. Stat Med. (1997) 16:385–95. doi: 10.1002/(sici)1097-0258(19970228)16:4<385::aid-sim380>3.0.co;2-3

21. Zeidan, AM, Sekeres, MA, Garcia-Manero, G, Steensma, DP, Zell, K, Barnard, J, et al. Comparison of risk stratification tools in predicting outcomes of patients with higher-risk myelodysplastic syndromes treated with azanucleosides. Leukemia. (2016) 30:649–57. doi: 10.1038/leu.2015.283

22. Gu, Z, Gu, L, Eils, R, Schlesner, M, and Brors, B. Circlize implements and enhances circular visualization in R. Bioinformatics. (2014) 30:2811–2. doi: 10.1093/bioinformatics/btu393

23. 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. (2021) 2:100141. doi: 10.1016/j.xinn.2021.100141

24. Aran, D, Hu, Z, and Butte, AJ. xCell: digitally portraying the tissue cellular heterogeneity landscape. Genome Biol. (2017) 18:220. doi: 10.1186/s13059-017-1349-1

25. Li, T, Fu, J, Zeng, Z, Cohen, D, Li, J, Chen, Q, et al. TIMER2.0 for analysis of tumor-infiltrating immune cells. Nucleic Acids Res. (2020) 48:W509–14. doi: 10.1093/nar/gkaa407

26. Finotello, F, Mayer, C, Plattner, C, Laschober, G, Rieder, D, Hackl, H, et al. Correction to: molecular and pharmacological modulators of the tumor immune contexture revealed by deconvolution of RNA-seq data. Genome Med. (2019) 11:50. doi: 10.1186/s13073-019-0655-5

27. Becht, E, Giraldo, NA, Lacroix, L, Buttard, B, Elarouci, N, Petitprez, F, et al. Estimating the population abundance of tissue-infiltrating immune and stromal cell populations using gene expression. Genome Biol. (2016) 17:249. doi: 10.1186/s13059-016-1113-y

28. Racle, J, and Gfeller, D. EPIC: A tool to estimate the proportions of different cell types from bulk gene expression data. Methods Mol Biol. (2020) 2120:233–48. doi: 10.1007/978-1-0716-0327-7_17

29. Newman, AM, Liu, CL, Green, MR, Gentles, AJ, Feng, W, Xu, Y, et al. Robust enumeration of cell subsets from tissue expression profiles. Nat Methods. (2015) 12:453–7. doi: 10.1038/nmeth.3337

30. Yoshihara, K, Shahmoradgoli, M, Martínez, E, Vegesna, R, Kim, H, Torres-Garcia, W, et al. Inferring tumour purity and stromal and immune cell admixture from expression data. Nat Commun. (2013) 4:2612. doi: 10.1038/ncomms3612

31. Hänzelmann, S, Castelo, R, and Guinney, J. GSVA: gene set variation analysis for microarray and RNA-seq data. BMC Bioinf. (2013) 14:7. doi: 10.1186/1471-2105-14-7

32. Mayakonda, A, Lin, DC, Assenov, Y, Plass, C, and Koeffler, HP. Maftools: efficient and comprehensive analysis of somatic variants in cancer. Genome Res. (2018) 28:1747–56. doi: 10.1101/gr.239244.118

33. Maeser, D, Gruener, RF, and Huang, RS. OncoPredict: an R package for predicting in vivo or cancer patient drug response and biomarkers from cell line screening data. Briefings Bioinform. (2021) 22:6. doi: 10.1093/bib/bbab260

34. Zhang, Y, Vaccarella, S, Morgan, E, Li, M, Etxeberria, J, Chokunonga, E, et al. Global variations in lung cancer incidence by histological subtype in 2020: A population-based study. Lancet Oncol. (2023) 24:1206–18. doi: 10.1016/S1470-2045(23)00444-8

35. Lo, M, Wang, YZ, and Gout, PW. The x(c)- cystine/glutamate antiporter: A potential target for therapy of cancer and other diseases. J Cell Physiol. (2008) 215:593–602. doi: 10.1002/jcp.21366

36. Lewerenz, J, Hewett, SJ, Huang, Y, Lambros, M, Gout, PW, Kalivas, PW, et al. The cystine/glutamate antiporter system x(c)(-) in health and disease: from molecular mechanisms to novel therapeutic opportunities. Antioxid Redox Signal. (2013) 18:522–55. doi: 10.1089/ars.2011.4391

37. Guo, W, Li, K, Sun, B, Xu, D, Tong, L, Yin, H, et al. Dysregulated glutamate transporter SLC1A1 propels cystine uptake via xc- for glutathione synthesis in lung cancer. Cancer Res. (2021) 81:552–66. doi: 10.1158/0008-5472.CAN-20-0617

38. Gélabert, C, Papoutsoglou, P, Golán, I, Ahlström, E, Ameur, A, Heldin, CH, et al. The long non-coding RNA LINC00707 interacts with smad proteins to regulate TGFβ Signaling and cancer cell invasion. Cell Commun Signal. (2023) 21:271. doi: 10.1186/s12964-023-01273-3

39. Li, H, Liu, Q, Hu, Y, Yin, C, Zhang, Y, and Gao, P. Linc00707 regulates autophagy and promotes the progression of triple negative breast cancer by activation of PI3K/AKT/mTOR pathway. Cell Death Discovery. (2024) 10:138. doi: 10.1038/s41420-024-01906-7

40. Xu, W, Wang, J, Xu, J, Li, S, Zhang, R, Shen, C, et al. Long non-coding RNA DEPDC1-AS1 promotes proliferation and migration of human gastric cancer cells HGC-27 via the human antigen R-F11R pathway. J Int Med Res. (2022) 50:3000605221093135. doi: 10.1177/03000605221093135

41. Bao, L, Chu, Y, and Kang, H. SNAI1-activated long non-coding RNA LINC01711 promotes hepatic fibrosis cell proliferation and migration by regulating XYLT1. Genomics. (2023) 115:110597. doi: 10.1016/j.ygeno.2023.110597

42. Voskarides, K, and Giannopoulou, N. The role of TP53 in adaptation and evolution. Cells. (2023) 12:512. doi: 10.3390/cells12030512

43. Singhal, A, Li, BT, and O’Reilly, EM. Targeting KRAS in cancer. Nat Med. (2024) 30:969–83. doi: 10.1038/s41591-024-02903-0

44. Song, Y, Yuan, M, and Wang, G. Update value and clinical application of MUC16 (Cancer antigen 125). Expert Opin Ther Targets. (2023) 27:745–56. doi: 10.1080/14728222.2023.2248376




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 Hu, Tian, Liu, Hou, wu, Wang and Shu. 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/fimmu-16-1477437-g012.jpg
siNC siRNA3 siNC siRNA3
1 | H1299 AEAS
0.8 N siNC 0.8 Il siNC
gos ns ** B3 siRNA3 < ns  sxkx B3 SiRNA3
S 061 [ <064 M
ﬂ‘_) (5]
e o
.EOA 204
3 2
©
EO.Z go'z
48h 0.0 0.0
O 48H " oM 48H
Time (h) Time (h)
H1299 A549
5 s 3 1000 =
3 mm siNC 3 mm siNC
T . T 800 -
o] = siRNA3 R = siRNA3
g S 600
= £
'S ‘s 400
3 2 200
€ £
= z 0
siNC siRNA3 siNC siRNA3
D
siNC
[SIRNA3
E F
500 % . 500 -8 siNC
> B siRNA3
— SRNA3 400
400 =
2 :
E < 300
= 300 £
< =]
o 3 %k kK
>
£ 200 5 20
: :
= " 100
100
0

12 15 18 21 24 27 30 33
Time (days)

siNC siRNA3





OEBPS/Images/fimmu-16-1477437-g006.jpg
endopeptidase activity

sulfur compound binding
glycosaminoglycan binding

peptidase regulator activity
endopeptidase regulator activity
peptidase inhibitor activity

heparin binding

endopeptidase inhibitor activity
serine—type endopeptidase inhibitor activity
serine—type endopeptidase activity
collagen—containing extracellular matrix
vesicle lumen

cytoplasmic vesicle lumen

secretory granule lumen

plasma membrane bounded cell projection cytoplasm
ciliary plasm

axoneme

cornified envelope

axonemal dynein complex

lamellar body

humoral immune response

cilium movement

antimicrobial humoral response
monocarboxylic acid transport
cilium—-dependent cell motility

cilium or flagellum—-dependent cell motility
cilium movement involved in cell motility
microtubule bundle formation
antibacterial humoral response

axoneme assembly

Term

ONTOLOGY

B Biological Process
W Cellular Component
© Molecular Function

—log10(Pvalue)

ONTOLOGY 02]
| 24]
. cc Number of Genes - 48l
= B Number of Select @ (6,8]
B v A Rich Factor(0-1) ® (8,10]
® (10,15]
® (15.20]
® >=20

Ras signaling pathway

PI3K-Akt signaling pathway

Cytokine—cytokine receptor interaction

MAPK signaling pathway

Metabolism of xenobiotics by cytochrome P450

Drug metabolism - cytochrome P450
Amoebiasis

Complement and coagulation cascades
Whnt signaling pathway

Drug metabolism - other enzymes
Hematopoietic cell lineage

Arachidonic acid metabolism

Retinol metabolism

Chemical carcinogenesis — DNA adducts
ECM-receptor interaction
alpha-Linolenic acid metabolism
Linoleic acid metabolism

Tyrosine metabolism

Fatty acid degradation

Fat digestion and absorption

Pyruvate metabolism

Ether lipid metabolism
Nitrogen metabolism
Renin-angiotensin system

0.02

0.04
GeneRatio

0.06

0 5 10 15
Count
AL360270.1
0.6 s KEGG_ARACHIDONIC_ACID_METABOLISM
' = KEGG_GRAFT_VERSUS_HOST_DISEASE
' © o5 KEGG_INTESTINAL_IMMUNE_NETWORK_FOR_IGA_PRODUCT
O 3
[$)
n
) 5
pvalue g KEGG_TYPE_|_DIABETES_ME
‘ < 00
S
C
@) 0.01 £
. 0.02 2
€ -03
@) 0.03 =
x
‘ 0.04
O 06
. Count *

- lul-lllqﬁillllulqlunul|Hullnlul |||||| |r| "'||"\'I' \"M'II [ h’luu(“’ M
] I |

I‘II ] II

10

Ranked List Metric

-10

0.08

10000 20000 30000 40000 50000
Rank in Ordered Dataset





OEBPS/Images/fimmu-16-1477437-g009.jpg
Cisplatin  Docetaxel Gefitinib  Crizotinib Erlotinib

Sorafenib  Foretinib Axitinib  Selumetinib Ribociclib

o3 ©

Paclitaxel Vinorelbine Talazoparib Olaparib ~ Gemcitabine

.
)

q

D 4

Q

Osimertinib Trametinib  Buparlisib  Cediranib

Dasatinib

Gefitinib senstivity

Crizotinib senstivity

Erlotinib senstivity

N
o

o

12

©

(]

w

12.5

10.0

N
S}

o
o

N
$)

0.0

riskScore EF low BE high

4.4e-07

riskScore

high

riskScore B3 low B high

0.00016

low

riskScore

high

riskScore EF low BE high

7.3e-10

riskScore

Axitinib senstivity

Selumetinib senstivity

Ribociclib senstivity

N
o

o
3)

o
o

5.5

6.5

o
o

o
»

o
o

riskScore ES low B high

7.6e-06

riskScore

riskScore EH low BE high

0.00076

low

riskScore

high

riskScore ES low B high

1.5e-11

1

low

riskScore

high





OEBPS/Images/fimmu-16-1477437-g010.jpg
: : >
Relative expression level

N
o

-
()

-
o

AL162632.3 LINCO1711

GSEC

&)
I

w

Relative expression level
- N

o

ACO026355.2

ALO96701.4

HBE
PC9
H1299
A549
H1975





OEBPS/Images/fimmu.2025.1477437_cover.jpg
’ frontiers | Frontiersin Immunology

A prognostic signature of Glutathione
metabolism-associated long non-coding
RNAs for lung adenocarcinoma with
immune microenvironment insights





OEBPS/Images/fimmu-16-1477437-g002.jpg
nu

GSH

(s2]

| (@)}
-~ T ©o© o B@MM“
ﬂ:mozmmmw;msm
0goza ¢ - LZX3 mmwm
N - bl L

tsS2355zx8 9)

A A R R RS RS
O O O oo 33K
MT17mmxm12378 M
SO0OFFEF x
5000 Gﬁummmm WWMW m 2 w

Al 1A
1112356 o ~ « -—
D000V 8TLLIIONT o0
OO0 00000 da<<Ouwae
MBBBBBBKLNHHLPGMUU

IncRNA

92 60 42 30 11

107

7 6 2 0

93 88 66 48 42 37 30 16

107

0l

S0 00 G'0-

SjuBIoIYB0D

85,

il

i

8l

9l 14

80UBIAGQ POOYI[RHIT BNIEd

¢l

-4.5 -4.0 =3.5 -3.0 -2.5 -2.0

-5.0

=25

-4.0 3.5 -3.0

=4.5

-5.0

Log Lambda

Log()

S c
o = o
OO0 = o~
Tos &8 o o o
SV v o o o = T
pp m
*
i:. S
)
“ < N N
= B < S o = s 9
~ ~ R ~ (3] o o 3
= o O N A ™ 0 3
o o O a = o - o ~
Q S w o ™ - o o o
Zz z 0 w k| - | | Q
i i o @) < < < < <
— I 1

*({IIIIIIFHMI

1008av
01008V
11008V
2208av
€208V
$208av
§208av
9208V
A42-50
dVSXo1v
d3dNV
LOVHO
C¢IOVHO
22110
¢danNd
ld3da
as3a
adoo
97109
109
1099
1199
deloo
§199
9199
L1199
1071199
2J1199
€071199
LVro
X419
XA
1XdO
ZXd9
€XdO
¥XdO
LXd9O
8Xd9
ysO
SS9
LV1SO
(4450
€VLSO
YVLSO
SVLSO
INLSO
LNLSO
CINLSO
€NLSO
YINLSO
SINLSO
1019
¢0ls9
1d1S9
[ANK)
ae11so
1Z1S9
SA9dH
LHAI
CHal
LTONV1
€dv1
Syo11
LLSON
CLSON
€1SON
1000
HVY1dO
asd
9Xayud
S$391d
1da1vy
LINTY
SN
gzindy
€T499EHS
E€VELDTS
6EVSZIIS
LIVLOTS
SIS
WS
CLOANX1





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        A prognostic signature of Glutathione metabolism-associated long non-coding RNAs for lung adenocarcinoma with immune microenvironment insights

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Data acquisition

          



          		

            2.2 Identification of lncRNAs related to GSH metabolism

          



          		

            2.3 Construction and validation of a prognostic model for GSH-related lncRNA characteristics

          



          		

            2.4 Construction and calibration of predictive nomograms

          



          		

            2.5 Functional enrichment analysis

          



          		

            2.6 Analysis of tumor mutational burden and tumor immune microenvironment

          



          		

            2.7 Prediction of immunotherapy efficacy and potential chemotherapeutic drug screening

          



          		

            2.8 cell line culture

          



          		

            2.9 Cell transfection

          



          		

            2.10 Real-time quantitative PCR

          



          		

            2.11 colony formation assays

          



          		

            2.12 CCK8 proliferation assays

          



          		

            2.13 Cell invasion assay

          



          		

            2.14 Wound healing test

          



          		

            2.15 Xenograft model

          



          		

            2.16 Statistical analysis

          



        



        



        		

          3 Results

        

          		

            3.1 Identification of GSH metabolism-related lncRNAs

          



          		

            3.2 Development and assessment of the prognostic GSH-based risk model

          



          		

            3.3 Validate the independence of the constructed model in LUAD

          



          		

            3.4 PCA and nomogram

          



          		

            3.5 Functional enrichment analysis

          



          		

            3.6 Evaluation of tumor-immune landscape and analysis of immune related function

          



          		

            3.7 TMB

          



          		

            3.8 Immunotherapy for risk signature and prediction of potential drugs.

          



          		

            3.9 Expression confirmed through in vitro experiments

          



          		

            3.10 Decreased lnc-AL162632.3 expression inhibited LUAD proliferation, migration and invasion

          



        



        



        		

          4 Discussion

        



        		

          5 Conclusions

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/fimmu-16-1477437-g008.jpg
Altered in 217 (86.11%) of 252 samples.
1361

TMB

0 ° No. of samples 107
gac T Ay 2 I
gl | 111 L ] s [N
muce (IR 420
cswos [l T | 35 (I
aad! | YT 35 [
crers [N L] 300 [
zeroca (L JHHITLDRRT 31 IR
usrza [T 1 IR 1YL 27 [
rrasll LI (LL [0 25 [
eidaca | 111 AN N1 AR W 24 [EL
aacd | 1Y CRTTCATATR TRV M 25 (I
serar (IILFOANIE QOUEE DE T F [ 1o
wavs TN TRTEI L L LT LTI 200
znesss [ I L0 0 (0 FEEE LT 22 [
cocrtat IIFNIINIFI TN TEIE TR Al 1% [
= Missense_Mutation In_Frame_Del Risk
= Nonsense_Mutation = Translation_Start_Site = high
= Frame_Shift_Del = Multi_Hit X (5w
= Frame_Shift_Ins

B Low-risk [ High-risk

N e »

Tumor tmbation burden (log2)

o

Low-risk

High-risk

1.00

== H-TMB+high risk
== H-TMB+low risk
== | ~-TMB-+high risk
=k | -TMB+low risk

0.75

Survival probability
5

0.25

______'O________

0.00

0 2 4 6 8 10 12 14 16 18 20
Time(years)

Altered in 230 (94.26%) of 244 samples.
1422

“LMNMM&JML&L&JNM O parse

|

g A so0 [N
7 JLURERL R ss% [
mucrs IR0 [l 11 se% [
csmos [N s1% |
rerzllll T 0L L 36 [N
cress [T D)L o
zeroa ML [ IREL | 320 [
usrza [lIRINIT 11T 1] 34 [N
kras| LI IR | 310 ([
aaiacd N LATIRTANIY AN 23% [N
Fee I VI FN 20% [
sera [ [T () T ) 25% [N
navs [T LT ] 19% [N
znesss ||l I I || 10 [
L REZA I 1111 1111 | 22 [
I -
= Missense_Mutation = Frame_Shift_Ins Risk
® Nonsense_Mutation  In_Frame_Del = high
= Frame_Shift_Del = Multi_Hit = low
1.00
=+ H-TMB
0.75 = |L-TMB
2
5
®
o)
2
G 0.50] ====«==2 & - - - -
© |
> 1
= I
U) I
0.25 !
p=0.024
I
|
|
0.00 !
0 2 4 6 8 10 12 14 16 18 20
Time(years)
Risk [l Low-risk [ High-risk
0.5 -
0.0
a
=-05
-1.0
=1.5

Low-risk High-risk





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-16-1477437-g004.jpg
Sensitivity
0.4 0.6 0.8 1.0

0.2

0.0

pvalue Hazard ratio | pvalue Hazard ratio !
I [
| [
I !
] I
Age 0.328  1.008(0.992-1.023) i Age 0.091 1.013(0.998-1.028) N
I [
I [
I [
Gender 0.476  1.113(0.829-1.495) I—:—I—l Gender 0.866  0.975(0.723-1.315) |—.l—|
| [
I [
I [
Stage <0.001 1.639(1.426-1.884) | f— — Stage <0.001 1.599(1.386-1.846) | b —
| [
I [
I [
riskScore  <0.001 1.271(1.215-1.330) Y riskScore  <0.001 1.257(1.200-1.317) '
0.0 0.5 1.0 1.5 0.0 0.5 1.0 5
Hazard ratio Hazard ratio
D E
o ©
- o —— Risk score
—— Age
© —— Gender
o N~ —— Stage
X o e, WPSSCE
a’ \_—_
T
= o [O]
5 g o
n S 3
=
8 o) \
~ Risk, AUC=0.741 o P R S ————
—— AUC at 1 years: 0.741 & Age, AUC=0.527
~—— AUC at 3 years: 0.684 Gender, AUC=0.582
—— AUC at 5 years: 0.690 o Stage, AUC=0.708 <
o o
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0 2 4 6 8 10
1-Specificity 1-Specificity Time (years)
G H I

e Lowrisk e High risk ® Lowrisk © High risk © Lowrisk e High risk

PC3

100 150

50

® Lowrisk e High risk

-200 0 200 400 600

PC1

800

PC3

—

PC3

0 50 100

——

150 200 250

PC1

300

PC1






OEBPS/Images/fimmu-16-1477437-g005.jpg
A B

Points

0 20 40 | 60 80 100 -
Gender MALE FEMALE
: : 0
Age o
: 30 60: 90 =
E Stage Il é
Stage Stage | |Z| 8 g
Stage Il Stage IV had
L kKR o
o ] ] »
low high 8 o
Total points '®)
i N
120 140 260 o
Pr( futime > 5) 0.708
0.8 0.2 0.1 0.03 0.01 o
pr( futime >3)  9-893 o
0.9 0.7 06 05 04 03 0.2 0.1
pr( tutime > 1) 0-981 0.0 0.2 0.4 0.6 0.8 1.0
0.97 0.95 0.93 0.9 0.8 0.7 0.6
Nomogram-—predicted OS (%)
C . . D . .
Patients with Stage |-l Patients with Stage IllI-IV
Risk =+ high =+ |ow Risk =+ high =+ |ow
1.00 1.00
_5,0.75 _5,0.75
S o
© @
O O
O o
& 0.50 & 0.50
® ®
= =
> >
= =
D 0.25 D 0.25
p<0.001 p<0.001
0.00 0.00
O 2 4 6 8 10 12 14 16 18 20 0 2 4 6 8 10

Time(years) Time(years)





OEBPS/Images/fimmu-16-1477437-g011.jpg
H1299
- Hl control
|5 =3 siNC
§ B siRNAT
§ =3 siRNA2
§ B siRNA3
=
o
(1'd
e —— siRNA3
c
()
‘S‘,.'i 2 :| ok ok ok
(0b]
=
§ 1
o
e
0
24H 48H 72H 96H
Time (h)
siNC siRNA3
- - H1299
. 400
g 300
g
g:mo
c
2 100
(3]

siNC siRNA3

A549
1.5
5 HEl control
IS =3 siNC
§ 1.0 E3 siRNA1
§. =3 siRNA2
QO .
.g 0.5 Ea siRNA3
E *%kk%k *%kk%
©
14
0.0
» O N 9 D
o ,
&8 TS
< > o o
A549 —— siNC
__ 4 —— sSiRNA3
=
8 3 ]****
o
o 2
-
©
> 1
o
0
0 24 48 72 96
Time (h)
siNC siRNA3 -

A&k

siNC siRNA3






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





OEBPS/Images/M1.jpg





OEBPS/Images/fimmu-16-1477437-g007.jpg
100%, — Type 4 Pe
= B cells naive | I Low risk
® B cells memory Type_II_IFN_Reponse** | High risk
® Plasma cells
= Tcells CD8 2
. T Ce”s CD4 naive ‘ “ ‘ ‘ ‘ ‘ ‘ H ‘ m H ‘ ‘ ‘ “ H ‘ | | H Type : IFN_Reponse’
= T cells CD4 memory resting

80%i u T cells CD4 memory activated HLA®
= T cells follicular helper 0
u T cells regulatory (Tregs)
® T cells gamma delta APC_co_stimuIation
= NK cells resting o
= NK cells activated o
— = Monocytes APC_co_inhibition
qc) 60%i = Macrophages MO
o ® Macrophages M1 ‘ ’ CCR -4
[0) ® Macrophages M2
o = Dendritic cells resting . )
q>) = Dendritic cells activated Paralnﬂammatlon'
= = Mast cells resting
[\ u Mast cells activated
- MHC_class_I*
O 40% ® Eosinophils H ‘ ‘ ‘ H | ’l ‘ l H ‘ ‘ ‘ | H ’ T
14 u Neutrophils
Cytolytic_activity
’ Inflammation—promoting
o |
20%] | ’ ‘ ‘ ‘ H ” T_cell_co-inhibition
‘ ‘ ‘ Check—point
T_cell_co—stimulation
0%

3
- (=]
25 2 £
£ 7
d 8 5 e H
- £ > & s 2 2 S
I} = S © F S 5 =
- o o i £ 8 38 B 2 ©
S o = > § = § 5 ¢ § e 2 2 5
5 £ 3 s B 8 E S E o o E L 2 9 2
© 8 5 o E 3 5 @ ¥ 2 E 2 ¥ , 838 2 3 o
2 2 8 £ 2 P & OO0 = g T 8 9 9 T o =
3 2 § 8 E £ £ 008 5 c 02 8L 03 £ %8
ST g £ 2 o o 2 v 0 o @ ¢ 0 8 5 T O F Q2
2 T & 3 © 6 35 @ 6 ® ® ®© ® ® & ® ¢ °c B D
Myeloid dendritic cell activatedXCELL 2 « 8 3 8 88 88 8 8 8 38 5 5 v & 5 2
B = Z =2 Z o+ = = = m o - = 0 z = o w

B cell_XCELL

T cell CD4+ naive_XCELL

T cell CD4+ central memory_XCELL

T cell CD4+ effector memory_XCELL
T cell CD8+_XCELL

Class—switched memory B cell_XCELL
Common lymphoid progenitor_XCELL
Common myeloid progenitor_XCELL
Myeloid dendritic cell_XCELL
Eosinophil_XCELL

Cancer associated fibroblast XCELL
Granulocyte-monocyte progenitor XCELL
Hematopoietic stem cell_XCELL
Macrophage XCELL

Macrophage M2_XCELL

Mast cell_XCELL

B cell memory_XCELL

Monocyte XCELL

Macrophages MO 021 0.8 0.06 0.04 0.04 0.3 -0.05 0.2 -0.1 -0.1 -0.09 ~0.17 -0.17 ~0.23 ~0.19 ~0.28 -0.15 ~0.27 ~0.03 0.1
Mast cells activated 0.06 -0.03 0.18 -0.03 -0.04 ~0.09 -0.06 0.02 -0.11 -0.01 0.04 -0.04 0.03 -0.05 —0.08 -0.17 -0.3 -0.03 -0.03 R= 022! p =3.7e-07
NK cells resting 0.09 0.07 -0.11-0.08 0.09 -0.01 0.18 -0.11-0.09 -0.1 -0.02 0.01 -0.03 -0.2 ~0.35 ~0.23 -0.06 ~0.09
Macrophages M2 0.22 -0.02-0.24 -0.07 -0.22 -0.1 -0.16 0.01 -n.sz. 013 0.24 0.08 -0.09 0.13 0.07 0.11
Neutrophils -0.02-0.23-0.14-0.18 0 -0.22 0.01 -0.11-0.02 0.04 0.07 0.06 -0.04 ~0.02 -0.02 0.07
B cells memory 0.15 -0.01-0.03 -0.1 0.07 0.09 -0.32-013 0 0 0.1 0.06 0.03 -0.01 0.04
T cells regulatory (Tregs) 0.02 0.08 -0.18 0.08 -0.12 -0.03 -0.07 ~0.24 -0.03 0.05 0.11 -0.08 -0.04 ~0.21
Macrophages M1 “T:;i 029 0.25 0.12 -0.24 -0.14 ~0.06 ~0.23 -0.15 ~0.09 ~0.15 ~0.32 -0.09

T cells CD8 . 0.32 0.12 -0.14 0.01 M—o.z1 -0.16 0.01 -0.24-0.28 -0.1

T cells CD4 memory activated 0.07 0.16 -0.17 0.05 -0.27 -0.17 -0.17 -0.14 -0.27 -0.15 0
T cells follicular helper 0.15 -0.09 -0.08 -0.24 -0.17 -0.1 0.18 -0.08 0.04 -0.09

T cells gamma delta -0.08 -0.02 -0.08 -0.08 -0.02 -0.01 -0.01 -0.05 0.01

Soﬂwa re B cells naive 0.28 0.06 -0.13 -0.19 -0.09 -0.1 -0.06 -0.11

Dendritic cells activated 0.16

T cell CD4+_TIMER

Macrophage_TIMER

Myeloid dendritic cell_TIMER

B cell_QUANTISEQ

Macrophage M2_QUANTISEQ

NK cell_QUANTISEQ

T cell CD4+ (non-regulatory)_ QUANTISEQ
T cell regulatory (Tregs)_QUANTISEQ
Myeloid dendritic cell_QUANTISEQ
uncharacterized cell_QUANTISEQ

T cel_MCPCOUNTER

B cel_MCPCOUNTER

Myeloid dendritic cel_ MCPCOUNTER
Neutrophil_MCPCOUNTER

Endothelial cell_MCPCOUNTER

Cancer associated fibroblast. MCPCOUNTER
B cell_EPIC

Cancer associated fibroblast_EPIC

T cell CD8+_EPIC

Endothelial cell_EPIC

Macrophage EPIC

B cell memory_CIBERSORT-ABS

T cell CD4+ memory resting_ CIBERSORT-ABS
T cell CD4+ memory activated_ CIBERSORT-ABS
Monocyte_ CIBERSORT-ABS

Macrophage MO_CIBERSORT-ABS
Macrophage M2_CIBERSORT-ABS

Myeloid dendritic cell resting_ CIBERSORT-ABS
Mast cell activated_ CIBERSORT-ABS

Mast cell resting_ CIBERSORT-ABS

B cell memory_CIBERSORT

T cell CD8+_CIBERSORT

T cell CD4+ memory activated_CIBERSORT
Monocyte_ CIBERSORT

Macrophage MO_CIBERSORT

Macrophage M1_CIBERSORT

Myeloid dendritic cell resting_ CIBERSORT
Mast cell activated_ CIBERSORT

Mast cell resting_ CIBERSORT

CIBERSORT-ABS 0.0 25 5.0 75 10.0
CIBERSORT Risk score

NK cell_XCELL ‘ XCELL Plasma cells -0.36-0.27 028 -0.1 ~0.25 -0.15 -0.08
T cell NK_XCELL T cells CD4 memory resting 0.6 0.11 -0.09 0.18 0.05 0.09
T cell CD4+ Th1_XCELL ® TIMER Monocytes [ o1 O oz
T cell CD4+ Th2_XCELL ' -
immune SCOI’Q:XCEL_ @ QUANTISEQ Dendritic cells resting 0.12 0.29 005 0.1
stroma score_ XCELL . MCPCOUNTER NK cells activated o.u 0.08 0.09
microenvironment score_XCELL Mast cells resting [oReRans
B cell_ _TIMER ® EPIC ‘
@
o

Immune cell

Risk ] low [E] high

6000

4000

2000

TME score

-2000

-0.2 0.0 0.2 0.4
Correlation coefficient






OEBPS/Images/fimmu-16-1477437-g003.jpg
Risk == High risk == Low risk Risk == High risk == Low risk
1.00 1.00
5 0.75 T 0.75
2 2
- =
-} -}
@ 0.50 @ 0.50
© ©
o o
& 6
0.25 0.25
p<0.001 p=0.009
0.00 0.00
0 2 4 6 8 10 12 14 16 18 20 0 2 4 6 8 10 12 14
Time(years) Time(years)
& Highrisk1 177 68 19 10 3 2 1 0 0 0 0 < High risk{ 71 al 10 3 2 0 0 0
o Lowrisk{178 78 33 18 7 5 3 3 3 3 0 o Lowrisk{ 81 45 16 rd 5 2 2 0
0 2 4 6 8 10 12 14 16 18 20 0 2 4 6 8 10 12 14
Time(years) Time(years)
C D
Risk =#= High risk === Low risk Risk =#= High risk === Low risk
1.00 1.00
©
2
>
e 0.75 - 0.75
= n
c )
& o
(2] [t=—t
2 050 = 050
o )
0.25 G 0.25
p<0.001 S p<0.001
o
0.00 0.00
0 2 4 6 8 10 12 14 16 18 20 0 2 4 6 8 10 12 14 16 18 20
Time(years) Time(years)
< Highrisk1248 99 29 13 5 2 1 0 0 0 0 < Highrisk1248 69 20 10 2 0 0 0 0 0 0
o Lowrisk1259 123 49 25 12 7 5 3 3 3 0 o Lowrisk1259 93 37 18 8 5 4 3 2 3 0
0 2 4 6 8 10 12 14 16 18 20 0 2 4 6 8 10 12 14 16 18 20
Time(years) Time(years)

@

Training set Validation set Overall set

® High risk i % ® High risk
® Low Risk : o - ® Low Risk

® High risk
® |ow Risk

Risk score
Risk score
4 6
1 |

Risk score

0O 2 4 6 8 10
1

T T T T
50 100 150 200 250 300 200 300

Patients (increasing risk socre) i i i i Patients (increasing risk socre)

10 15 20

L) o oo oo.
0\.' ’ °

‘m" Sk em 200 (u

Patients (increasing risk socre) Patients (increasing risk socre)

| (i I]’l TE| VT i 'ﬂ'll'L”.M"" =1 I
I’s /{IIIIII ” ||I||| Wl l\ m Iﬂ IIIJIIII ‘
T h iy

Survival time (years)
5
|

Survival time (years)
Survival time (years)

I I Iy [ [ B |

0 2 4 6 8 10

0
1

300

Patients (increasing risk socre)

Ll \H '“H ‘
‘” 'ﬂ' °°°°°°°° N H *HI : HIII ‘
yl | i 0

| H(






OEBPS/Images/fimmu-16-1477437-g001.jpg
TCGA database

Expression of 16,876 IncRNAs Expression of 87 GSH-related genes

Co-expression analysis

GSH-related IncRNAs

Univariate COX

Prognostic GSH-
related IncRNAs

LASSO-COX

Risk prognosis model

ROC, Kaplan-Meier,
independent prognostic GO. KEGG, GSEA
analysis, PCA, Nomogram

In vitro and in vivo
function experiments

Immune infiltration analysis, tumor mutation
burden analysis, tumor stemness analysis,

TIDE analysis, drug sensitivity analysis





