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Introduction: Molecular chaperones and long non-coding RNAs (lncRNAs) have been confirmed to be closely related to the occurrence and development of tumors, especially lung cancer. Our study aimed to construct a kind of molecular chaperone-related long non-coding RNAs (MCRLncs) marker to accurately predict the prognosis of lung adenocarcinoma (LUAD) patients and find new immunotherapy targets.
Methods: In this study, we acquired molecular chaperone genes from two databases, Genecards and molecular signatures database (MsigDB). And then, we downloaded transcriptome data, clinical data, and mutation information of LUAD patients through the Cancer Genome Atlas (TCGA). MCRLncs were determined by Spearman correlation analysis. We used univariate, least absolute shrinkage and selection operator (LASSO) and multivariate Cox regression analysis to construct risk models. Kaplan-meier (KM) analysis was used to understand the difference in survival between high and low-risk groups. Nomogram, calibration curve, concordance index (C-index) curve, and receiver operating characteristic (ROC) curve were used to evaluate the accuracy of the risk model prediction. In addition, we used gene ontology (GO) enrichment analysis and kyoto encyclopedia of genes and genomes (KEGG) enrichment analyses to explore the potential biological functions of MCRLncs. Immune microenvironmental landscapes were constructed by using single-sample gene set enrichment analysis (ssGSEA), tumor immune dysfunction and exclusion (TIDE) algorithm, “pRRophetic” R package, and “IMvigor210” dataset. The stem cell index based on mRNAsi expression was used to further evaluate the patient’s prognosis.
Results: Sixteen MCRLncs were identified as independent prognostic indicators in patients with LUAD. Patients in the high-risk group had significantly worse overall survival (OS). ROC curve suggested that the prognostic features of MCRLncs had a good predictive ability for OS. Immune system activation was more pronounced in the high-risk group. Prognostic features of the high-risk group were strongly associated with exclusion and cancer-associated fibroblasts (CAF). According to this prognostic model, a total of 15 potential chemotherapeutic agents were screened for the treatment of LUAD. Immunotherapy analysis showed that the selected chemotherapeutic drugs had potential application value. Stem cell index mRNAsi correlates with prognosis in patients with LUAD.
Conclusion: Our study established a kind of novel MCRLncs marker that can effectively predict OS in LUAD patients and provided a new model for the application of immunotherapy in clinical practice.
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INTRODUCTION
Lung cancer is a malignant tumor originating from the bronchi and alveoli. Worldwide, 1.77 million lung cancer deaths occur each year, and it is the leading cause of cancer death in the world (Siegel et al., 2021). LUAD is a subtype of lung cancer and a highly heterogeneous malignancy, accounting for approximately half of all lung cancers (Sivakumar et al., 2017; Xu et al., 2020a). Studies have shown that the risk factors for LUAD mainly come from direct exposure to tobacco. LUAD tends to occur early in East Asian women who do not smoke (Chen et al., 2020; Devarakonda et al., 2021). This is related to the presence of Epidermal growth factor receptor (EGFR) mutations in East Asian LUAD patients (Choong and Sung, 2021; He et al., 2021). Lung cancer usually involves pleura and has a poor prognosis. The 5-year survival rate is less than 20% (Zhang et al., 2021). LUAD is prone to distant metastasis, and the common sites of metastasis are brain, liver, bone, adrenal gland and pleura (Klikovits et al., 2018). In the past few decades, treatment of LUAD has mainly included surgery, chemotherapy, and emerging immunotherapies. Although recent advances in LUAD have greatly improved the prognosis of LUAD patients, the OS of advanced LUAD patients is still very low. Therefore, developing new biomarkers to predict the prognosis of LUAD patients and find potential therapeutic targets for LUAD is crucial.
Molecular chaperones are molecular assistants that assist in the folding and assembly of intracellular proteins and play an important role in intracellular life activities (Shan et al., 2020; Wei et al., 2022). Studies have shown that molecular chaperones play an important role in the occurrence and development of tumors, and it has also been confirmed as a prognostic marker for tumors (Zhu et al., 2013; Lu et al., 2020). Jia et al. (Jia et al., 2021) found that heat shock protein 90 (HSP90) can promote the metastasis of LUAD cells by interacting with the oncogene EEF1A2. It ultimately leads to the poor prognosis of LUAD patients. In addition, drugs targeting molecular chaperone-related genes are also widely used in clinical practice. chaperones-related related genes with great clinical potential, such as HSP90 and P53, making immunotherapy become an important means of tumor treatment (Armstrong et al., 2018; Kaida and Iwakuma, 2021). Although molecular chaperones can be used as prognostic indicators in patients with LUAD, the utility of using only a single biomarker is limited. Therefore, establishing reliable biomarkers for the construction of LUAD prognostic models is an urgent clinical task.
LncRNAs refer to a class of RNAs longer than 200 nucleotides that cannot encode complete proteins (Vollmers and Carpenter, 2022). Studies have shown that lncRNAs play a crucial role in the occurrence and development of tumors, including LUAD (Dong et al., 2018). Meanwhile, studies have reported that immune infiltrating cells play a crucial role in the progression and invasion of tumor cells (Li et al., 2020a). LncRNA is a key regulatory element in the immune system, which has the functions of antigen presentation, antigen release, immune migration, immune infiltration, and immune activation (Xia et al., 2020; Zhang et al., 2020). With the deepening of research, the role of lncRNAs as ideal diagnostic markers for tumors has been gradually discovered (Peng et al., 2016). These all suggest that lncRNAs may be used as a new biomarker to improve the prognosis and treatment of LUAD patients. Zhou et al. (Zhou et al., 2022) found that lncRNAs can promote the occurrence and development of LUAD by binding to HSP90. However, the current research on the pathogenesis of MCRLncs in LUAD is still lacking. Therefore, we attempted to use transcriptome data and clinical data from the TCGA database to develop a marker of MCRLncs with guiding significance for immunotherapy. This study provides a new model with prognostic value for LUAD patients and establishes a new feature to predict LUAD patients’ response to immunotherapy.
MATERIALS AND METHODS
The data source
The Genecards is a comprehensive bioinformatics database from 125 web sources such as NCBI and UCSC, which provides detailed information on all currently annotated and predictable genes. It covers information including genome, proteome, transcription, and function (Safran et al., 2010; Stelzer et al., 2011). Through the Genecards database portal (https://www.genecards.org/), we obtained 233 genes related to chaperones (Relevance score ≥ 5). MSigDB is a treasure trove database for analyzing gene enrichment pathways (Liberzon et al., 2011). We downloaded 17 GSEA functional pathways from MsigDB (Supplementary Table S1). These pathways enriched 517 genes in total, and we removed duplicated genes to get 312 genes. Finally, we pooled the 233 genes obtained based on the Genecards database and the 312 genes obtained based on the MsigDB, removed the duplicate genes, and finally obtained 417 molecular-chaperone genes.
TCGA is a landmark Human Cancer Genome Project that has collected molecular numbers from more than 20,000 primary cancer samples, including LUAD (Cai et al., 2021a). In this study, we from the TCGA data portal website (https://portal.gdc.cancer.gov/) downloaded transcriptome data, clinical data, and mutation data in LUAD. Clinical data included OS, survival status, age, sex, tumor grade, and tumor node metastasis (TNM) stage. In this study, the samples were randomly divided into a training subgroup (n = 330) and a validation subgroup (n = 164). The training subgroup was used to construct a molecular chaperone-related lncRNAs risk model. The validation subgroup and the whole group were used to validate the risk model. In addition, the IMvigor210 dataset, a cohort of atezolizumab (anti-PD-L1 monoclonal antibody) for the treatment of bladder cancer, was extracted to evaluate the response of MCRLncs markers to immunotherapy efficacy (Powles et al., 2014).
Identification of molecular chaperone-related lncRNAs in patients with LUAD
We used the Spearman correlation analysis (| cor | > 0.4 and p < 0.001) to identify MCRLncs. The heatmap showed the expression correlation between molecular chaperone genes and lncRNAs.
Molecular chaperones-related lncRNAs risk models were constructed
We divided all patients with lung adenocarcinoma into a training subgroup (n = 330) and a validation subgroup (n = 164). Data from the training subgroup were used to construct a prognostic model. We screened 301 MCRLncs by using univariate Cox regression analysis (p values less than 0.05 were considered significant). To narrow down the independent variables and avoid overfitting prognostic features, we performed the LASSO regression analysis on these MCRLncs (Meier et al., 2008). Next, we performed multivariate Cox regression analysis on the MCRLncs obtained by LASSO regression analysis, and finally screened 16 MCRLncs as candidate genes. The 16 candidate genes were used to construct prognostic models. To construct risk characteristics and calculate risk scores, the coefficients and expressive values of MCRLncs screened out from LASSO regression were used to calculate an individual risk score. The risk score represents a prognostic feature of chaperone-related lncRNAs, which helps us to distinguish high-risk LUAD patients from low-risk LUAD patients. Our risk score calculation formula is as follows:
Coefi was the coefficient of lncRNA in LASSO regression. Coefficient xi is the expression value of selected MCRLncs (Li et al., 2020b; Li et al., 2020c; Liu et al., 2020; Liang et al., 2021). This formula is used to calculate the risk score.
To build a more intuitive model, we divided LUAD patients into high-risk and low-risk groups using the median risk score as a cutoff point. Next, we plotted KM survival curves, risk score distribution maps, and heatmaps to identify differences in the expression of MCRLncs between high- and low-risk groups.
Validation of risk prognostic models
We plotted the ROC curve and C-index curve to verify the prognostic value of our constructed prognostic model. Based on the results of multivariate Cox regression analysis, we constructed a nomogram that can predict the occurrence of 1-, 3-, and 5-year OS survival in patients with LUAD. Nomogram is widely used for graphical calculations of complex formulas with practical accuracy. We can obtain the score of each clinical feature from the nomogram and predict the 1-year, 3-year, and 5-year survival rates of LUAD patients through the total score. Next, we evaluated the performance of the nomogram by drawing a calibration curve.
Correlation analysis of risk score and clinicopathological features
To further validate the accuracy and specificity of the prognostic model, we used univariate and multivariate Cox analyses to screen variables and further explore independent risk factors associated with LUAD prognosis. We mapped two forests based on independent prognostic analyses to determine whether the prognostic model can be used as an independent prognostic indicator without reference to other clinical characteristics, including age, sex, race, tumor grade, primary tumor (T), regional lymph nodes (N), distant metastasis (M), and risk score.
Principal component analysis was used to assess high-risk and low-risk patients
To assess whether LUAD patients were discriminative between high and low-risk groups, we visualized gene expression profiles using dimensionality reduction techniques. The expression of coding genes, lncRNA genes, all genes and high-risk lncRNAs genes in the risk model was analyzed by PCA analysis.
Go functional pathway and KEGG enrichment analysis of differential MCRLncs in LUAD
To understand the differential expression of MCRLncs between high and low-risk groups, we used the “limma” R package to perform differential expression analysis of lncRNAs in high and low-risk groups, and extracted differentially expressed genes (DEGs) for the risk model. Next, we performed GO functional annotation and KEGG pathway enrichment analysis on the significant DEGs using the “clusterProfiler” R package, and the false discovery rate (FDR) of 0.05 was considered statistically significant (Mazandu et al., 2017; Kanehisa et al., 2019; Zou et al., 2021; Liang et al., 2022). GO database standardized description of gene products from three levels of biological process (BP), cellular component (CC), and molecular function (MF). Through GO functional annotation, we can understand the biological functions and pathways of DEGs enrichment. KEGG enrichment analysis can know in which pathways DEGs are enriched.
Immune infiltration analysis was based on the single-sample gene set enrichment analysis
In order to study the immune infiltration of individual samples from the high-risk group and the low-risk group, we first downloaded the expression levels of specific marker genes under 13 immune function pathways. Next, we calculated the enrichment score for 13 immune function pathways in each LUAD sample by using ssGSEA (Barbie et al., 2009). We used heatmaps to display the immune infiltration of prognostic lncRNAs in high-risk and low-risk groups.
Calculation of tumor mutational burden
High tumor mutational burden (TMB) is defined as the total number of somatic gene coding errors, base substitutions, gene insertions or deletions detected per megabyte (Tang et al., 2019; Li et al., 2020d). Recent studies have shown that TMB is associated with OS after immunotherapy in multiple cancer types, and suggest that TMB can be used as a predictive biomarker of immune checkpoint inhibitor treatment response (Xu et al., 2020b; Lin et al., 2020; Tan et al., 2020). As suggested by the reviewer, we cited references to supplement the judgment that the higher the TMB, the better the outcome of tumor immunotherapy (Snyder et al., 2014). We performed TMB differential analysis for high-risk and low-risk groups, and combined TMB for KM analysis of both groups.
Immune escape and immunotherapy analysis
The TIDE algorithm has been used in many articles to predict response to immunotherapy. TIDE data comes from the TIDE website (http://tide.dfci.harvard.edu/) (Fu et al., 2020). It is frequently used to predict response to immune checkpoint inhibitors such as the cluster of differentiation 274 (CD274) and cytotoxic T lymphocyte-associated antigen 4 (CTLA4) in both low-risk and high-risk groups (p-values < 0.05 were considered statistically significant). In this study, we used the TIDE scoring algorithm to predict tumor susceptibility to immune checkpoint inhibition, and then to evaluate the effect of immunotherapy. Immune checkpoints we used for prediction include TIDE, microsatellite instability (MSI) (Young et al., 1993; Bonneville et al., 2017), CAF (Sahai et al., 2020), tumor-associated macrophages M2 (TAMM2) (Rey-Giraud et al., 2012), CD8, CD274, dysfunction, exclusion (Nishino et al., 2017; Wang et al., 2019a), myeloid-derived suppressor cell (MDSC) (Gabrilovich, 2017), Merck18 and interferon-G (IFN-G) (Nishino et al., 2017). A lower immune cell proportion score (IPS) indicates a good response to immunotherapy. Comprehensive scoring of immune checkpoints can help us identify the role of lncRNAs in tumor immune escape in high- and low-risk groups, and further predict the effects of immunotherapy models.
Chemical drug sensitivity prediction
To explore the sensitivity of each LUAD patient from the TCGA database to different chemotherapeutic agents, we used the “pRRophetic” R package to identify potential therapeutic agents for LUAD patients. In the results, we used IC50 to represent the sensitivity of each patient to different chemotherapeutics (Zhu et al., 2012; Yang et al., 2021; Lai et al., 2022). High-risk and low-risk groups were used for comparison. The “pRRophetic” software package, which has been widely used in clinical studies of tumors, predicts IC50 by creating a statistical model based on drug sensitivity and RNA-seq data from genomics of drug sensitivity in cancer (GDSC) (www.cancerrxgene.org/) (Cai et al., 2021b).
Stem cell index mRNAsi in LUAD patients and its clinical significance
Stemness indices, which describes the similarity of tumor cells to stem cells, can be used as prognostic indicators to help predict the risk of tumor recurrence and guide treatment (Malta et al., 2018). MRNAsi is indices calculated based on gene expression data. We merged clinical data and stem cell data from LUAD and performed survival analysis on the merged data by using the “survival” R package. Meanwhile, we used the Wilcoxon test to investigate whether the stem cell index was correlated with age, gender, T, and M stage of LUAD patients.
Statistical analysis
We performed all statistical analyses using R software (version 4.1.3). Target genes were screened using the Cox regression algorithm, a risk prediction model was established and a risk score was calculated. The prognostic value of the risk scoring model was assessed using the ROC curve, and the area under the curve (AUC) was calculated using the “timeROC” R package. In addition, we divided patients into high-risk and low-risk groups based on risk scores. KM analysis was used to compare differences in survival between patients with high and low-risk groups and to analyze differences in survival between different subgroups. Finally, we performed univariate and multivariate Cox regression analyses to identify independent prognostic factors for LUAD.
RESULTS
The flowchart of the present study was summarized in Figure 1.
[image: Figure 1]FIGURE 1 | Flow chart of this study.
Identification of molecular chaperone-related lncRNAs in LUAD patients
We identified a total of 3,597 MCRLncs by Spearman correlation analysis (|cor| > 0.4 and p < 0.001). We also mapped the molecular chaperone-lncRNAs co-expression network (Figure 2A). At the same time, in order to reflect the correlation between molecular chaperones and lncRNAs, we visualized the relationship between the two in a heatmap manner (Supplementary Figure S1). Finally, we merged the co-expressed lncRNAs with clinical information from patients with LUAD.
[image: Figure 2]FIGURE 2 | (Continued).
Risk signatures based on molecular chaperone-related lncRNAs were associated with prognosis in patients with LUAD.
We screened 301 MCRLncs by using univariate Cox regression analysis. LASSO regression analysis further screened 330 MCRLncs (Figures 2B,C). Multivariate Cox regression analysis showed that 16 MCRLncs were significant (p < 0.05) (Supplementary Table S2). The 16 prognostic MCRLncs were AL359513.1, AC004830.2, ‘ZEB1-AS1′, LINC02802, AC026355.2, AC106038.1, AC022034.4, AC093911.1, AC079466.1, AC108136.1, LINC01887, AC019211.1, AL031600.2, AL162632.3, AL024497.2 and LINC00862. In addition, we randomly divided the whole LUAD samples into two groups, the training subgroup (n = 330) and the validation subgroup (n = 164). To verify that the grouping was reasonable, we generated a clinical file by multivariate Cox regression analysis. The results showed that the p values of the clinical information between the two groups were all greater than 0.05, which indicated that there was no statistical significance in each clinical index between the two groups, that is, the grouping was good, and the statistical deviation error could be avoided (Table 1).
TABLE 1 | Clinical data of training subgroup, validation subgroup and whole group.
[image: Table 1]Based on the median risk score, we divided LUAD patients into high-risk and low-risk groups. We performed survival analysis on LUAD samples using the “survival” package of R software and plotted survival curves. The distribution of risk scores in the low-risk group and the high-risk group is shown in Figure 2D. The survival status and survival time of patients in the two different risk groups are shown in Figure 2E. The relative expression criteria of MCRLncs for each patient is shown in Figure 2F. KM survival analysis showed that patients in the low-risk group lived longer than those in the high-risk group (p < 0.001) (Figure 2G). The distribution of risk classes, the corresponding survival status, and the relative expression levels of the 16 MCRLncs suggested that high-risk indices are associated with high mortality (Figures 2D–F). At the same time, we found that lncRNAs LINC02802, AC022034.4, AC079466.1, AC108136.1 and AL024497.2 were significantly associated with a higher risk of tumor death (Figure 2F). We also found that LINC01887, AC019211.1 and AL031600.2 were highly expressed in the high-risk subgroup and low expressed in the low-risk subgroup. To test the prognostic power of this risk model, we calculated a risk score for each patient in the validation and whole groups using a unified risk formula. Figures 2H–K, 2L-O represent the distribution of risk score, survival status and survival time, and the expression of MCRLncs in the validation subgroup and the whole group, respectively. KM survival analysis between the validation subgroup and the whole group showed no difference in the TCGA group, and patients in the high-risk group had lower OS than those in the low-risk group (Figures 2K,O). This indicates that the prognostic model of LUAD constructed by us is effective.
Clinical assessment using risk assessment models
We used the “ggpubr” R package to perform a correlation analysis of clinical information and risk score. Figure 2P–S shows that the fustat, T stage, regional lymph nodes (N) stage, and tumor grade are significantly correlated with the calculated risk score. We found an increased risk of death from stage I to stage III (p < 0.05) (Figure 2S). Patients who died had higher risk scores (p < 0.05) (Figure 2P).
Next, we performed univariate and multivariate Cox analyses to identify prognostic factors in patients with LUAD (Supplementary Table S3). Univariate Cox analysis showed tumor grade stage (p < 0.001, Hazard ratio (HR) = 1.552, 95% confidence interval (95%CI): [1.303–1.849]), T stage (p = 0.001, HR = 1.481, 95%CI: [1.162–1.888]), N stage (p < 0.001, HR = 1.827, 95%CI: [1.454–2.296]), Risk score (p < 0.001, HR = 1.009, 95%CI: [1.005–1.013]) showed statistical difference (Figure 2T). However, by multivariate Cox analysis only the risk value risk score (p < 0.001, HR = 1.011, 95%CI: [1.007–1.016]) showed a statistical difference. This just shows that risk score is closely related to the survival time of LUAD patients (Figure 2U).
Evaluation and validation of risk prognostic models
To evaluate the specificity and sensitivity of these prognostic factors, we evaluated our prognostic model using AUC and C-index. The 1-year, 3-year, and 5-year ROC curves showed that the AUC for predicting 1-year, 3-year, and 5-year survival rates of LUAD patients were 0.798, 0.779, and 0.845, respectively (Figure 3A). All the AUC were greater than 0.5, indicating that the predictive power of the prognostic model was credible. The results of the 5-year ROC curve showed that most of the clinical indicators we used could be used as predictors of 5-year survival in LUAD patients, except for age and sex. It is noteworthy that in the constructed prognostic model, the risk score was significantly better than other clinical variables in predicting 1-year, 3-year, and 5-year survival in LUAD patients (Figures 3C–E). Then, we used the C-index curve to further verify the prediction ability of the model. We found that the C-index value of risk score, stage, N, and T is greater than 0.5, indicating that the model has good prediction ability. Among them, the C-index of risk score was the largest and the prediction ability is the best (Figure 3B).
[image: Figure 3]FIGURE 3 | Evaluation of prognostic models and establishment of a nomogram. (A) AUC values of the prognostic model of molecular chaperones-related lncRNAs at 1, 3, and 5 years. The abscissa represents 1-specificity and the ordinate represents sensitivity. Interpretation of AUC results: AUC ≤0.5 indicates no predictive power. 0.5 < AUC ≤0.7 indicates low prediction accuracy. 0.7 < AUC ≤0.9 indicates moderate prediction accuracy. AUC >0.9 indicates high prediction accuracy. (B) C-index curve to assess the quality of a patient’s clinically independent prognostic model. (C–E) Calculate the AUC for risk score, age, gender, grade, and TNM stage of the total survival risk score according to 1-, 3-, and 5-year ROC curve. (F) Nomogram predicts 1-, 3-, and 5-year OS survival in patients with LUAD. (G) Calibration curve for nomogram. The x-axis is the nomogram predicted survival and the y-axis is the actual survival.
In order to predict the OS of patients with LUAD, we developed a nomogram widely used to predict the prognosis of cancer patients. The nomogram is based on two predictors, the risk score and associated clinical factors. We found that the nomogram was a good predictor of 1-, 3-, and 5-year survival in patients with LUAD (Figure 3F). This has certain significance for guiding clinicians to predict the survival time of LUAD patients. Further calibration curves showed that the 1-year and 3-year overall survival rates in the nomogram were consistent with the actual survival rates, indicating that the nomogram model can accurately predict the survival of patients with LUAD. Then, we performed KM survival analysis on LUAD patients grouped according to clinicopathological characteristics to validate our constructed clinically independent prognostic model. The results showed that patients in the high and low-risk groups had a shorter survival time over time, and patients in the high-risk group had a poorer prognosis, which was also expected (Figure 4B). We observed that compared with patients with low risk scores, male patients (p < 0.001), female patients (p < 0.001) (Figures 4E,F), patients younger than 65 years of age (p < 0.001), patients older than 65 years of age (p < 0.001) (Figures 4C,D), and black or African American patients (p = 0.006), White patients (p < 0.001) (Figures 4G,I), stage I patients (p < 0.001), stage II patients (p < 0.001) (Figures 4J,K), stage T1 patients (p = 0.006), stage T2 patients (p < 0.001), stage T3 patients (p < 0.001) (Figure 4–P), N0 stage patients (p < 0.001), N1 stage patients (p = 0.003), (Figure 4R, S), and M0 stage patients (p < 0.001) (Figure 4U). However, in the high-risk and low-risk groups, survival was not associated with risk scores for stage III (p = 0.077) and IV (p = 0.207) (Figure 4L, M), T4 (p = 0.167) (Figure 4Q), N2 (p = 0.153) (Figure 4T), and M1 (p = 0.207) (Figure 5). Asian patients were deleted due to insufficient data (Figure 4H).
[image: Figure 4]FIGURE 4 | (Continued).
[image: Figure 5]FIGURE 5 | Principal component analysis of high and low risk groups based on TCGA whole group. (A) all genes. (B) 417 molecular chaperone genes. (C) 3,597 molecular chaperone-related lncRNAs. (D) 20 molecular chaperone-related lncRNAs in the risk model.
In conclusion, patients in the low-risk group continued to survive longer than the high-risk group according to subgroups by survival status, age, ethnicity, and tumor grade. Therefore, after preliminary validation, it was shown that 16 MCRLncs markers we used to construct the risk model were closely related to clinical characteristics and could predict the survival time of LUAD patients.
Use principal components analysis to verify the performance of risk models
We used PCA dimensionality reduction analysis to examine the different distribution of all gene expression profiles, 417 molecular chaperone gene expression profiles, 3,597 MCRLncs expression profiles, and 16 risk-related MCRLncs expression profiles (Figures 5A–D). The results showed that the patients in the high and low-risk groups divided by the 16 molecular chaperone-related lncRNAs in the risk model were obviously distributed in different directions. The distribution of patients divided by the other three methods is relatively scattered, which indicates that the constructed prognostic model is of great help in identifying patients in the high-risk group and the low-risk group, which just shows that there are significant differences in immunity between the two groups of patients.
Functional characteristics of risk prognosis models
To further elucidate the potential biological functions and major signaling pathways of prognostic lncRNAs, we performed GO functional pathways and KEGG enrichment analysis (FDR <0.05). The results showed that the differential lncRNAs genes we studied played a role in regulating the malignant processes such as BP, CC, and MF in LUAD (Figure 6A). BP found that these genes were mainly enriched in epidermis development-related pathways. In terms of CC, these genes were mainly enriched in apical plasma membrane-related pathways. In terms of MF, these genes were mainly enriched in signaling receptor activator activity and receptor ligand activity related pathways. Figure 6B shows which functional pathways the differential lncRNAs are clustered in. We also found that lncRNA CFAP100, CFAP65, TCTE1, DNAI2, TTC29, DNAH9, DNAAF6, and HOATZ are all involved in the functional pathway of cilium movement (Figure 6B). Figures 6C,D shows that differential lncRNA genes were mainly enriched in two metabolic pathways, Metabolism of xenobiotics by cytochrome P450 and drug metabolism - cytochrome P450. We also found that lncRNA CYP2F1, CYP2A6, ADH1C, GSTA2, ADH7, and GSTA1 genes are all involved in regulating the metabolic pathway of Metabolism of xenobiotics by cytochrome P450 (Figure 6C). In conclusion, we found that many immune-related biological processes play a role in the risk assessment of chaperone-related lncRNA models.
[image: Figure 6]FIGURE 6 | (Continued).
Risk models to assess the tumor immune microenvironment
Based on the results of functional enrichment, we speculate that the tumor immune microenvironment of LUAD patients may be related to MCRLncs. We used the “GSVA” R package to analyze the immune infiltration of lncRNAs in high and low-risk groups with 13 immune functions, and the results were presented in the form of heatmaps (Figures 6E–G). In the training subgroup, we found that lncRNAs were correlated with the two immune function pathways, Parainflammation and MHC_class_I, and were highly expressed in the high-risk group. In addition, the immune function pathway MHC_class_I was found to be correlated with lncRNAs in the training set, validation set, and all samples. This indicated that there were significant differences in the expression of lncRNAs in the low-risk group and the high-risk group in the expression of immune markers.
TMB is frequently used as a predictive biomarker for response to immune checkpoint inhibitor therapy. The results in Figures 6H–J show that high and low-risk groups were not associated with TMB. In the survival analysis, we found that the low-risk group with high TMB in blue had the highest probability of survival, followed by the low-risk group with low TMB in green. In contrast, both the high-risk purple group with low TMB and the high-risk red group with high TMB had poor survival probabilities (Figure 6K). Results in the validation group and the whole group were not statistically significant (Figure 6L, M). These results suggest that high TMB can be considered a protective factor in patients with LUAD. Although the relationship between the risk model and mutational burden was not clear, in the pooled survival analysis, the high-risk group with high TMB in red was significantly different from the other three groups. This is helpful for our prognosis.
Currently, immune checkpoint inhibition therapy is a promising modality for cancer treatment. We used the TIDE score to simulate tumor immune escape to predict the efficacy of immune checkpoint inhibitor therapy. Immunoassay results showed that TIDE scores were not statistically significant in high and low-risk groups (Figure 6R). The comprehensive score of exclusion and CAF is higher in the high-risk group, which suggests that the higher the score of exclusion and CAF, the lower the risk of tumor (Figure 6N, P). TAMM2 and MDSC were lower in the high-risk group, indicating that the lower the TAMM2 and MDSC score, the higher the risk of tumors, which contradicts the actual (Figure 6O, Q). Analysis of other immune checkpoints showed no statistical significance (Figure 6S–Z). Therefore, we speculate that the addition of Exclusion and CAF will promote the development of LUAD in high-risk groups.
Prediction of chemosensitivity in patients with LUAD using risk scores
To analyze the prediction of LUAD patients’ response to chemotherapy agents, we used the “pRRophetic” R package to study the sensitivity of the high and low-risk groups to different chemotherapy agents. Figures 7A–J shows that, Bicalutamide, BMS.509,744, Bortezomib, CMK, Docetaxel, Doxorubicin, erlotinib, Gemcitabine, Obatoclax. The lower the semi-inhibitory concentration of mesylate and patlactone in the high-risk group, the higher the risk score. This suggests that these drugs are good for the treatment of LUAD patients in the high-risk group. Instead, we found that. EHT. 1864, Lenalidomide, Methotrexate, PD.0332991, and Temsirolimus had higher sensitivity in the low-risk group (Figure 7J–O). In conclusion, the analysis of chemotherapy sensitivity of LUAD patients can provide thoughts for the clinical treatment of LUAD patients.
[image: Figure 7]FIGURE 7 | (Continued).
Immunotherapy model validation and immunotherapy response analysis
To verify the reliability of the immunotherapy model we constructed, we analyzed the IMvigor210 cohort of bladder cancer patients enrolled in immunotherapy. KM survival analysis showed that when the target gene was expressed in the IMvigor210 cohort, the survival probability between high and low-risk groups was not statistically significant (p > 0.05) (Figure 8A). Next, we used the ROC curve to verify the immunotherapy model we constructed. Unfortunately, the ROC curve was not a good predictor (Figure 8B). The results of immunotherapy response analysis showed that the risk score of target genes in the IMvigor210 cohort was significantly different (p < 0.05), indicating that immunotherapy drugs have a good therapeutic effect on target genes (Figure 8C).
[image: Figure 8]FIGURE 8 | Predictive value of MCRLncs for immunotherapy response in the IMvigor210 cohort. (A) Kaplan-Meier estimates of overall survival for patients in the low-risk or high-risk groups suggest that survival in the low-risk group was not statistically significant. (B) In the IMvigor210 cohort, the AUC values of the molecular chaperones-related lncRNA prognostic model screened by Lasso regression at 1, 3 and 5 years were 0.475, 0.526 and 0.525, respectively. (C) Comparison of risk scores between partial response and progressive disease suggests that lower MCRLncs scores may predict better immunotherapy response.
Stem cell index mRNAsi and clinical features correlated with prognosis
By analyzing the stem cell index mRNAsi expressed in LUAD patients, the results showed that the mRNAsi of lung cancer samples and normal samples showed significant statistical differences (p < 0.05) (Figure 9A). KM survival analysis showed that there was no statistical significance in survival probability between high and low-risk groups (p > 0.05) (Figure 9B). Next, we explored the relationship between stem cell index and clinical indicators. We found significant differences in stem cell indexes of LUAD patients by gender, stage, and T and M stages (Figures 9C–F). This indicates that mRNAsi in LUAD patients is highly correlated with clinical indicators, and the study of stem cell index plays an important role in improving the prognosis of LUAD patients and developing new immunotherapy.
[image: Figure 9]FIGURE 9 | Relationship between stem cell index and prognosis and clinicopathological features in LUAD. (A) Differences in mRNAsi between normal and tumor tissues. (B) Kaplan–Meier survival curves of mRNAsi in LUAD. Comparison between mRNAsi expression level and clinical characteristics in LUAD, including (C) gender, (D) tumor grade, (E) T stage, (F) M stage.
DISCUSSION
Lung cancer is a malignant tumor with the highest morbidity and mortality in China and the world, and the 5-year survival rate is less than 20% (Zhu et al., 2019; Siegel et al., 2022). The main risk factors for lung cancer are smoking and second-hand smoke. LUAD is the most important pathological type of lung cancer, accounting for about half of all lung cancers, and its incidence is gradually increasing in China. In recent years, a large number of studies have shown that tumor markers in LUAD have achieved positive outcomes in terms of prognosis and treatment (Liang et al., 2020; Song et al., 2021a). Despite progress in LUAD treatment, there are still a large number of LUAD patients who do not have appropriate treatment. This may be due to the fact that LUAD is a highly heterogeneous tumor and individual differences between LUAD patients are obvious. Therefore, there is an urgent need to construct a new prognostic model to accurately predict the prognosis of LUAD patients at an early stage and improve new immunotherapy targets.
Previous studies have shown that molecular chaperones can promote the development of lung adenocarcinoma. For example, Huang, Z. C. et al. (Huang et al., 2018) found through bioinformatics studies that high expression of HSPB1 could promote the growth of lung adenocarcinoma cells, and further lead to poor prognosis of patients. In addition, lncRNAs have also been found to play a role in the pathogenesis of LUAD (Xu et al., 2021a; Ye et al., 2021). A growing number of studies demonstrate the potential of lncRNAs as biomarkers for various cancers (Xu et al., 2021b; Xie et al., 2021). Yue, N. et al. (Yue et al., 2020) found that the high expression of lncRNA pSMG3-AS1 played a carcinogenic role in the development of LUAD. At the same time, recent studies have also shown that it is possible to predict the prognosis of cancer patients by exploring the potential relationship between coding genes and lncRNAs (Wang et al., 2019b; Ye et al., 2022). In this study, we were inspired by the mechanism by which both molecular chaperones and lncRNAs can be involved in the occurrence and development of LUAD. We attempted to construct an independent prognostic model of MCRLncs and explore its value in immune infiltration, immunotherapy effect and prognosis of LUAD.
First, we identified 16 MCRLncs by univariate and multivariate Cox regression analysis. They were AL359513.1, AC004830.2, ‘ZEB1-AS1′, LINC02802, AC026355.2, AC106038.1, AC022034.4, AC093911.1, AC079466.1, AC108136.1, LINC01887, AC019211.1, AL031600.2, AL162632.3, AL024497.2 and LINC00862’. Using these 16 MCRLncs markers, we constructed a risk-prognostic model to predict OS in patients with LUAD. We then divided LUAD patients into high-risk and low-risk groups based on the risk score. KM survival analysis showed that the survival time of LUAD patients in the high-risk group was significantly lower than that of LUAD patients in the low-risk group. LncRNA LINC02802, AC022034.4, AC079466.1, AC108136.1 and AL024497.2 were highly expressed in LUAD in the high-risk group and could be used as predictors for predicting high-risk LUAD. LINC01887, AC019211.1 and AL031600.2 were highly expressed in the high-risk subgroup and low expressed in the low-risk subgroup, indicating that they were protective genes in LUAD patients. We also explored the relationship between clinicopathological factors and OS. Univariate Cox regression analysis showed that tumor stage, T stage, N stage and Riskscore showed statistical differences. However, multivariate Cox regression analysis only found that Riskscore was closely related to the survival time of LUAD patients. This indicates that MCRLncs is an independent prognostic factor in the risk model. The ROC curve and C-index showed that the prognostic model was superior to conventional clinical features in predicting survival in LUAD. We also established a graph that predicted 1 -, 3 -, and 5-year survival in LUAD patients. The calibration curve confirms the good performance of the line chart. KM survival analysis based on clinical variables showed that the clinical outcomes of the high-risk group were significantly worse, which further verified the reliability of our prognostic model. In the same time, the risk model was also confirmed to be significantly associated with sex, age, race, stage I, II, T1, T2, T3, N0, N1, M0 and OS of LUAD patients. The prognosis of LUAD patients is closely related to liver metastases, brain metastases and bone metastases. Unfortunately, there was no statistical significance between the risk model we constructed and the M1 stage.
GO and KEGG pathway enrichment analysis confirmed the Metabolism of xenobiotics by cytochrome P450 and drug metabolism − cytochrome P450 are related to these two metabolic pathways. The genes CYP2F1, CYP2A6, ADH1C, GSTA2, ADH7 and GSTA1 have been shown to be involved in the metabolic pathway regulating the metabolism of cytochrome P450 to xenobiotics. Previous studies have found that the drug-metabolizing enzyme CYP plays an important role in tumor cell progression, which provides new insights into the development of targeted drugs for lung adenocarcinoma (Song et al., 2021b).
Immunotherapy has made great strides in cancer treatment in recent years. Studies have shown that immune checkpoints such as immunosuppressants PD-1 and CTLA4 show important value in inhibiting the occurrence and development of a variety of malignant tumors (Shojaie et al., 2021; Yi et al., 2021). Functional enrichment analysis showed that 16 MCRLncs markers were involved in many immune-related biological processes. To further explore the relationship between MCRLncs and tumor immune microenvironment, we found a positive correlation between the prognostic model and Parainflammation and MHC_class_I pathways by ssGSEA analysis. TMB is the total number of somatic coding mutations. Previous studies have found that higher TMB is associated with OS after immunotherapy for a variety of cancer types, suggesting that TMB can be used as an effective marker of immunotherapy response (Topalian et al., 2016). The prognostic model constructed in this study has no correlation with TMB. In addition, a growing number of studies are using the TIDE score to predict immunotherapy efficacy (Jiang et al., 2018). In our study, the comprehensive score of Exclusion and CAF was higher in the high-risk group. This shows that patients in the high-risk group respond better to immunotherapy, which helps us further screen drugs for LUAD. Next, we discovered bicalutamide, BMS.509,744, Bortezomib, CMK, Docetaxel, Doxorubicin, erlotinib, Gemcitabine, and Obatoclax. Mesylate and Parthenolide as potential therapeutics in the high-risk group through the “pRRophetic” R package. EHT. 1864, Lenalidomide, Methotrexate, PD.0332,991, and Temsirolimus can be used to treat low-risk patients. The IMvigor210 cohort validated the efficacy of immunotherapy agents against target genes. In addition, we found that the stem cell index mRNAsi of LUAD is highly correlated with clinical indicators, indicating that mRNAsi is related to the prognosis of patients.
The pathological stage of the tumor is often used as the basis for clinicians to proceed with the next treatment, because the pathological stage is a decisive factor affecting the prognosis of LUAD (Jurisic et al., 2018). However, studies have shown that LUAD patients at the same pathological stage can have different outcomes (Tan et al., 2021). Therefore, it is necessary to explore new predictive and therapeutic biomarkers to assess the prognosis of patients with LUAD. The MCRLncs model constructed by our study can provide a new approach for the prognosis and immunotherapy of LUAD patients.
Undeniably, our study has certain limitations. Firstly, in our study, we used multiple methods to construct our prognostic model, and our prognostic model was validated to be reliable. However, the clinical data we used to construct the prognostic model were only from the TCGA database. If we tried to validate our prognostic model with an external dataset, we might get different results. Secondly, the prognostic model for the Asian population was not statistically significant. C-index showed that the four clinical variables, age, gender, M, and race, were not well combined with the prognostic model, which may be related to too little sample size. Therefore, we need to recover samples and expand the sample size to improve our prognostic model. Thirdly, the nomogram does not include potential factors such as smoking history, PD-L1, tumor proportion score (TPS), brain metastases, bone metastases, and liver metastases that are associated with the prognosis of patients with LUAD (Yang et al., 2018; Cheng et al., 2019; Wang et al., 2020; Ni et al., 2021; Takamochi et al., 2022). Fourthly, in this study, the IC50 value was used to evaluate drug sensitivity. But in clinical practice, we rarely use parameters to evaluate the efficacy of drugs. Fifthly, we did not clarify the relationship between MCRLncs and tumor-infiltrating immune cells. Finally, we lack clinical follow-up data to validate the value of our prognostic model.
CONCLUSION
This study constructed a risk model for 16 MCRLncs in LUAD. This model can effectively predict the OS of LUAD patients. This will help clinicians more accurately identify high-risk patients and further improve the outcome of patients with LUAD. Meanwhile, we transformed LUAD’s risk model into a nomogram prediction model to provide clinicians with a quantitative and convenient prognostic tool and greatly improve the ability of personalized treatment for LUAD patients. We also used an immune checkpoint-based TIDE score to assess the efficacy of immunotherapy. This score predicts sensitivity to certain chemotherapeutic agents and expression of immune checkpoint genes (PD-1/CTLA-4). In addition, risk models play an important role in predicting the immune landscape of LUAD patients. MCRLncs markers can be used as potential therapeutic targets for molecular mechanism studies, which provide an important basis for future studies on the relationship between MCRLncs markers and immunotherapy.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/Supplementary Material further inquiries can be directed to the corresponding authors.
ETHICS STATEMENT
The studies involving human participants were reviewed and approved by the Guangdong Medical University ethics committee. The ethics committee waived the requirement of written informed consent for participation.
AUTHOR CONTRIBUTIONS
XZ, TT, and HL: Conceptualization, Methodology, Software. YX: Data curation, Writing—Original draft preparation. YX, TT, ST, and XZ: Visualization, Investigation. XZ and HL: Supervision. YX and XZ: Software, Validation. YX, TT, SL, ST, and XZ: Writing—Reviewing and Editing. All authors read and approved the final version of the manuscript.
FUNDING
This work was supported partly by the National Natural Science Foundation of China (81541153), Guangdong Key Laboratory funds of Systems Biology and Synthetic Biology for Urogenital Tumors (2017B030301015).
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.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fgene.2022.975905/full#supplementary-material
REFERENCES
 Armstrong, H. K., Gillis, J. L., Johnson, I. R. D., Nassar, Z. D., Moldovan, M., Levrier, C., et al. (2018). Dysregulated fibronectin trafficking by Hsp90 inhibition restricts prostate cancer cell invasion. Sci. Rep. 8, 2090. doi:10.1038/s41598-018-19871-4
 Barbie, D. A., Tamayo, P., Boehm, J. S., Kim, S. Y., Moody, S. E., Dunn, I. F., et al. (2009). Systematic RNA interference reveals that oncogenic KRAS-driven cancers require TBK1. Nature 462, 108–112. doi:10.1038/nature08460
 Bonneville, R., Krook, M. A., Kautto, E. A., Miya, J., Wing, M. R., Chen, H. Z., et al. (2017). Landscape of microsatellite instability across 39 cancer types. JCO Precis. Oncol. 2017, 1–15. doi:10.1200/PO.17.00073
 Cai, X., Yuan, F., Zhu, J., Yang, J., Tang, C., Cong, Z., et al. (2021). Glioma-associated stromal cells stimulate glioma malignancy by regulating the tumor immune microenvironment. Front. Oncol. 11, 672928. doi:10.3389/fonc.2021.672928
 Cai, Y., Liang, X., Zhan, Z., Zeng, Y., Lin, J., Xu, A., et al. (2021). A ferroptosis-related gene prognostic index to predict temozolomide sensitivity and immune checkpoint inhibitor response for glioma. Front. Cell Dev. Biol. 9, 812422. doi:10.3389/fcell.2021.812422
 Chen, Y. J., Roumeliotis, T. I., Chang, Y. H., Chen, C. T., Han, C. L., Lin, M. H., et al. (2020). Proteogenomics of non-smoking lung cancer in East asia delineates molecular signatures of pathogenesis and progression. Cell 182, 226–244. doi:10.1016/j.cell.2020.06.012
 Cheng, G., Zhang, Q., Pan, J., Lee, Y., Ouari, O., Hardy, M., et al. (2019). Targeting lonidamine to mitochondria mitigates lung tumorigenesis and brain metastasis. Nat. Commun. 10, 2205. doi:10.1038/s41467-019-10042-1
 Choong, W. K., and Sung, T. Y. (2021). Somatic mutation subtypes of lung adenocarcinoma in East Asian reveal divergent biological characteristics and therapeutic vulnerabilities. iScience 24, 102522. doi:10.1016/j.isci.2021.102522
 Devarakonda, S., Li, Y., Martins Rodrigues, F., Sankararaman, S., Kadara, H., Goparaju, C., et al. (2021). Genomic profiling of lung adenocarcinoma in never-smokers. J. Clin. Oncol. 39, 3747–3758. doi:10.1200/jco.21.01691
 Dong, H. X., Wang, R., Jin, X. Y., Zeng, J., and Pan, J. (2018). LncRNA DGCR5 promotes lung adenocarcinoma (LUAD) progression via inhibiting hsa-mir-22-3p. J. Cell. Physiol. 233, 4126–4136. doi:10.1002/jcp.26215
 Fu, J., Li, K., Zhang, W., Wan, C., Zhang, J., Jiang, P., et al. (2020). Large-scale public data reuse to model immunotherapy response and resistance. Genome Med. 12, 21. doi:10.1186/s13073-020-0721-z
 Gabrilovich, D. I. (2017). Myeloid-derived suppressor cells. Cancer Immunol. Res. 5, 3–8. doi:10.1158/2326-6066.cir-16-0297
 He, D., Wang, D., Lu, P., Yang, N., Xue, Z., Zhu, X., et al. (2021). Single-cell RNA sequencing reveals heterogeneous tumor and immune cell populations in early-stage lung adenocarcinomas harboring EGFR mutations. Oncogene 40, 355–368. doi:10.1038/s41388-020-01528-0
 Huang, Z. C., Li, H., Sun, Z. Q., Zheng, J., Zhao, R. K., Chen, J., et al. (2018). Distinct prognostic roles of HSPB1 expression in non-small cell lung cancer. Neoplasma 65, 161–166. doi:10.4149/neo_2018_102
 Jia, L., Ge, X., Du, C., Chen, L., Zhou, Y., Xiong, W., et al. (2021). EEF1A2 interacts with HSP90AB1 to promote lung adenocarcinoma metastasis via enhancing TGF-β/SMAD signalling. Br. J. Cancer 124, 1301–1311. doi:10.1038/s41416-020-01250-4
 Jiang, P., Gu, S., Pan, D., Fu, J., Sahu, A., Hu, X., et al. (2018). Signatures of T cell dysfunction and exclusion predict cancer immunotherapy response. Nat. Med. 24, 1550–1558. doi:10.1038/s41591-018-0136-1
 Jurisic, V., Obradovic, J., Pavlovic, S., and Djordjevic, N. (2018). Epidermal growth factor receptor gene in non-small-cell lung cancer: The importance of promoter polymorphism investigation. Anal. Cell. Pathol. 2018, 6192187. doi:10.1155/2018/6192187
 Kaida, A., and Iwakuma, T. (2021). Regulation of p53 and cancer signaling by heat shock protein 40/J-domain protein family members. Int. J. Mol. Sci. 22 (24), 13527. doi:10.3390/ijms222413527
 Kanehisa, M., Sato, Y., Furumichi, M., Morishima, K., and Tanabe, M. (2019). New approach for understanding genome variations in KEGG. Nucleic Acids Res. 47, D590–D595. doi:10.1093/nar/gky962
 Klikovits, T., Lohinai, Z., Fabian, K., Gyulai, M., Szilasi, M., Varga, J., et al. (2018). New insights into the impact of primary lung adenocarcinoma location on metastatic sites and sequence: A multicenter cohort study. Lung Cancer 126, 139–148. doi:10.1016/j.lungcan.2018.11.004
 Lai, J., Xu, T., and Yang, H. (2022). Protein-based prognostic signature for predicting the survival and immunotherapeutic efficiency of endometrial carcinoma. BMC Cancer 22, 325. doi:10.1186/s12885-022-09402-w
 Li, H., He, Y., Huang, L., Luo, H., and Zhu, X. (2020). The nomogram model predicting overall survival and guiding clinical decision in patients with glioblastoma based on the SEER database. Front. Oncol. 10, 1051. doi:10.3389/fonc.2020.01051
 Li, K., Luo, H., Huang, L., Luo, H., and Zhu, X. (2020). Microsatellite instability: A review of what the oncologist should know. Cancer Cell Int. 20, 16. doi:10.1186/s12935-019-1091-8
 Li, K., Luo, H., Luo, H., and Zhu, X. (2020). Clinical and prognostic pan-cancer analysis of m6A RNA methylation regulators in four types of endocrine system tumors. Aging (Albany NY) 12, 23931–23944. doi:10.18632/aging.104064
 Li, Y., Jiang, T., Zhou, W., Li, J., Li, X., Wang, Q., et al. (2020). Pan-cancer characterization of immune-related lncRNAs identifies potential oncogenic biomarkers. Nat. Commun. 11, 1000. doi:10.1038/s41467-020-14802-2
 Liang, B. Q., Zhou, S. G., Liu, J. H., Huang, Y. M., and Zhu, X. (2021). Clinicopathologic features and outcome of cervical cancer: Implications for treatment. Eur. Rev. Med. Pharmacol. Sci. 25, 696–709.
 Liang, X., Li, D., Leng, S., and Zhu, X. (2020). RNA-based pharmacotherapy for tumors: From bench to clinic and back. Biomed. Pharmacother. 125, 109997. doi:10.1016/j.biopha.2020.109997
 Liang, X., Zhang, M., Zhang, Z., Tan, S., Li, Y., Zhong, Y., et al. (2022). Nomogram model and risk score predicting overall survival and guiding clinical decision in patients with hodgkin's lymphoma: An observational study using SEER population-based data. BMJ Open 12, e055524. doi:10.1136/bmjopen-2021-055524
 Liberzon, A., Subramanian, A., Pinchback, R., Thorvaldsdottir, H., Tamayo, P., and Mesirov, J. P. (2011). Molecular signatures database (MSigDB) 3.0. Bioinformatics 27, 1739–1740. doi:10.1093/bioinformatics/btr260
 Lin, B., Du, L., Li, H., Zhu, X., Cui, L., and Li, X. (2020). Tumor-infiltrating lymphocytes: Warriors fight against tumors powerfully. Biomed. Pharmacother. 132, 110873. doi:10.1016/j.biopha.2020.110873
 Liu, J. H., Wang, S. F., Li, B. R., and Zhu, X. (2020). Development and validation of an individualized nomogram for predicting pancreatic adenocarcinoma-specific survival: A SEER population analysis of 5, 805 patients. Eur. Rev. Med. Pharmacol. Sci. 24, 10483–10495. doi:10.26355/eurrev_202010_23401
 Lu, G., Luo, H., and Zhu, X. (2020). Targeting the GRP78 pathway for cancer therapy. Front. Med. 7, 351. doi:10.3389/fmed.2020.00351
 Malta, T. M., Sokolov, A., Gentles, A. J., Burzykowski, T., Poisson, L., Weinstein, J. N., et al. (2018). Machine learning identifies stemness features associated with oncogenic dedifferentiation. Cell 173, 338–354. doi:10.1016/j.cell.2018.03.034
 Mazandu, G. K., Chimusa, E. R., and Mulder, N. J. (2017). Gene ontology semantic similarity tools: Survey on features and challenges for biological knowledge discovery. Brief. Bioinform. 18, 886–901. doi:10.1093/bib/bbw067
 Meier, L., Van De Geer, S., and Bühlmann, P. (2008). The group lasso for logistic regression. J. R. Stat. Soc. Ser. B Stat. Methodol. 70, 53–71. doi:10.1111/j.1467-9868.2007.00627.x
 Ni, X. F., Xie, Q. Q., Zhao, J. M., Xu, Y. J., Ji, M., Hu, W. W., et al. (2021). The hepatic microenvironment promotes lung adenocarcinoma cell proliferation, metastasis, and epithelial-mesenchymal transition via METTL3-mediated N6-methyladenosine modification of YAP1. Aging (Albany NY) 13, 4357–4369. doi:10.18632/aging.202397
 Nishino, M., Ramaiya, N. H., Hatabu, H., and Hodi, F. S. (2017). Monitoring immune-checkpoint blockade: Response evaluation and biomarker development. Nat. Rev. Clin. Oncol. 14, 655–668. doi:10.1038/nrclinonc.2017.88
 Peng, H., Wang, J., Li, J., Zhao, M., Huang, S. K., Gu, Y. Y., et al. (2016). A circulating non-coding RNA panel as an early detection predictor of non-small cell lung cancer. Life Sci. 151, 235–242. doi:10.1016/j.lfs.2016.03.002
 Powles, T., Eder, J. P., Fine, G. D., Braiteh, F. S., Loriot, Y., Cruz, C., et al. (2014). MPDL3280A (anti-PD-L1) treatment leads to clinical activity in metastatic bladder cancer. Nature 515, 558–562. doi:10.1038/nature13904
 Rey-Giraud, F., Hafner, M., and Ries, C. H. (2012). In vitro generation of monocyte-derived macrophages under serum-free conditions improves their tumor promoting functions. PLoS One 7, e42656. doi:10.1371/journal.pone.0042656
 Safran, M., Dalah, I., Alexander, J., Rosen, N., Iny Stein, T., Shmoish, M., et al. (2010). GeneCards version 3: The human gene integrator. Database (Oxford) 2010, baq020. doi:10.1093/database/baq020
 Sahai, E., Astsaturov, I., Cukierman, E., DeNardo, D. G., Egeblad, M., Evans, R. M., et al. (2020). A framework for advancing our understanding of cancer-associated fibroblasts. Nat. Rev. Cancer 20, 174–186. doi:10.1038/s41568-019-0238-1
 Shan, Q., Ma, F., Wei, J., Li, H., Ma, H., and Sun, P. (2020). Physiological functions of heat shock proteins. Curr. Protein Pept. Sci. 21, 751–760. doi:10.2174/1389203720666191111113726
 Shojaie, L., Ali, M., Iorga, A., and Dara, L. (2021). Mechanisms of immune checkpoint inhibitor-mediated liver injury. Acta Pharm. Sin. B 11, 3727–3739. doi:10.1016/j.apsb.2021.10.003
 Siegel, R. L., Miller, K. D., Fuchs, H. E., and Jemal, A., Cancer Statistics (2021). Cancer statistics, 2021. Ca. A Cancer J. Clin. 71, 7–33. doi:10.3322/caac.21654
 Siegel, R. L., Miller, K. D., Fuchs, H. E., and Jemal, A. (2022). Cancer statistics, 2022. Ca. A Cancer J. Clin. 72, 7–33. doi:10.3322/caac.21708
 Sivakumar, S., Lucas, F. A. S., McDowell, T. L., Lang, W., Xu, L., Fujimoto, J., et al. (2017). Genomic landscape of atypical adenomatous hyperplasia reveals divergent modes to lung adenocarcinoma. Cancer Res. 77, 6119–6130. doi:10.1158/0008-5472.CAN-17-1605
 Snyder, A., Makarov, V., Merghoub, T., Yuan, J., Zaretsky, J. M., Desrichard, A., et al. (2014). Genetic basis for clinical response to CTLA-4 blockade in melanoma. N. Engl. J. Med. 371, 2189–2199. doi:10.1056/NEJMoa1406498
 Song, J., Sun, Y., Cao, H., Liu, Z., Xi, L., Dong, C., et al. (2021). A novel pyroptosis-related lncRNA signature for prognostic prediction in patients with lung adenocarcinoma. Bioengineered 12, 5932–5949. doi:10.1080/21655979.2021.1972078
 Song, Y., Li, C., Liu, G., Liu, R., Chen, Y., Li, W., et al. (2021). Drug-metabolizing cytochrome P450 enzymes have multifarious influences on treatment outcomes. Clin. Pharmacokinet. 60, 585–601. doi:10.1007/s40262-021-01001-5
 Stelzer, G., Dalah, I., Stein, T. I., Satanower, Y., Rosen, N., Nativ, N., et al. (2011). In-silico human genomics with GeneCards. Hum. Genomics 5, 709–717. doi:10.1186/1479-7364-5-6-709
 Takamochi, K., Hara, K., Hayashi, T., Kohsaka, S., Takahashi, F., Suehara, Y., et al. (2022). Clinical relevance of PD-L2 expression in surgically resected lung adenocarcinoma. Lung Cancer 168, 50–58. doi:10.1016/j.lungcan.2022.04.011
 Tan, S., Li, D., and Zhu, X. (2020). Cancer immunotherapy: Pros, cons and beyond. Biomed. Pharmacother. 124, 109821. doi:10.1016/j.biopha.2020.109821
 Tan, S., Li, Z., Li, K., Li, Y., Liang, G., Tang, Z., et al. (2021). The regulators associated with N6-methyladenosine in lung adenocarcinoma and lung squamous cell carcinoma reveal new clinical and prognostic markers. Front. Cell Dev. Biol. 9, 741521. doi:10.3389/fcell.2021.741521
 Tang, X., Huang, Y., Lei, J., Luo, H., and Zhu, X. (2019). The single-cell sequencing: New developments and medical applications. Cell Biosci. 9, 53. doi:10.1186/s13578-019-0314-y
 Topalian, S. L., Taube, J. M., Anders, R. A., and Pardoll, D. M. (2016). Mechanism-driven biomarkers to guide immune checkpoint blockade in cancer therapy. Nat. Rev. Cancer 16, 275–287. doi:10.1038/nrc.2016.36
 Vollmers, A., and Carpenter, S. (2022). Introduction and overview. Adv. Exp. Med. Biol. 1363, 3–8.
 Wang, J., Chen, T., Yu, X., Ou, N., Tan, L., Jia, B., et al. (2020). Identification and validation of smoking-related genes in lung adenocarcinoma using an in vitro carcinogenesis model and bioinformatics analysis. J. Transl. Med. 18, 313. doi:10.1186/s12967-020-02474-x
 Wang, S., He, Z., Wang, X., Li, H., and Liu, X. S. (2019). Antigen presentation and tumor immunogenicity in cancer immunotherapy response prediction. Elife 8. doi:10.7554/eLife.49020
 Wang, W., Lou, W., Ding, B., Yang, B., Lu, H., Kong, Q., et al. (2019). A novel mRNA-miRNA-lncRNA competing endogenous RNA triple sub-network associated with prognosis of pancreatic cancer. Aging (Albany NY) 11, 2610–2627. doi:10.18632/aging.101933
 Wei, C., Li, M., Li, X., Lyu, J., and Zhu, X. (2022). Phase separation: "The master key" to deciphering the physiological and pathological functions of cells. Adv. Biol. (Weinh). 6, e2200006. doi:10.1002/adbi.202200006
 Xia, B., Zhao, D., Wang, G., Zhang, M., Lv, J., Tomoiaga, A. S., et al. (2020). Machine learning uncovers cell identity regulator by histone code. Nat. Commun. 11, 2696. doi:10.1038/s41467-020-16539-4
 Xie, S., Wu, Z., Qi, Y., Wu, B., and Zhu, X. (2021). The metastasizing mechanisms of lung cancer: Recent advances and therapeutic challenges. Biomed. Pharmacother. 138, 111450. doi:10.1016/j.biopha.2021.111450
 Xu, F., He, L., Zhan, X., Chen, J., Xu, H., Huang, X., et al. (2020). DNA methylation-based lung adenocarcinoma subtypes can predict prognosis, recurrence, and immunotherapeutic implications. Aging (Albany NY) 12, 25275–25293. doi:10.18632/aging.104129
 Xu, F., Huang, X., Li, Y., Chen, Y., and Lin, L. (2021). m(6 A-related lncRNAs are potential biomarkers for predicting prognoses and immune responses in patients with LUAD. Mol. Ther. - Nucleic Acids 24, 780–791. doi:10.1016/j.omtn.2021.04.003
 Xu, P., Luo, H., Kong, Y., Lai, W. F., Cui, L., and Zhu, X. (2020). Cancer neoantigen: Boosting immunotherapy. Biomed. Pharmacother. 131, 110640. doi:10.1016/j.biopha.2020.110640
 Xu, Y., Lin, L., Lv, D., Yan, S., He, S., and Ge, H. (2021). LncRNA-LINC01089 inhibits lung adenocarcinoma cell proliferation and promotes apoptosis via sponging miR-543. Tissue Cell 72, 101535. doi:10.1016/j.tice.2021.101535
 Yang, M., Sun, Y., Sun, J., Wang, Z., Zhou, Y., Yao, G., et al. (2018). Differentially expressed and survival-related proteins of lung adenocarcinoma with bone metastasis. Cancer Med. 7, 1081–1092. doi:10.1002/cam4.1363
 Yang, Y., Wu, G., Li, Q., Zheng, Y., Liu, M., Zhou, L., et al. (2021). Angiogenesis-related immune signatures correlate with prognosis, tumor microenvironment, and therapeutic sensitivity in hepatocellular carcinoma. Front. Mol. Biosci. 8, 690206. doi:10.3389/fmolb.2021.690206
 Ye, W., Wu, Z., Gao, P., Kang, J., Xu, Y., Wei, C., et al. (2022). Identified gefitinib metabolism-related lncRNAs can be applied to predict prognosis, tumor microenvironment, and drug sensitivity in non-small cell lung cancer. Front. Oncol. 12. doi:10.3389/fonc.2022.939021
 Ye, Z., Huang, Y., Ke, J., Zhu, X., Leng, S., and Luo, H. (2021). Breakthrough in targeted therapy for non-small cell lung cancer. Biomed. Pharmacother. 133, 111079. doi:10.1016/j.biopha.2020.111079
 Yi, Y., Li, Y., Meng, Q., Li, Q., Li, F., Lu, B., et al. (2021). A PRC2-independent function for EZH2 in regulating rRNA 2'-O methylation and IRES-dependent translation. Nat. Cell Biol. 23, 341–354. doi:10.1038/s41556-021-00653-6
 Young, J., Leggett, B., Gustafson, C., Ward, M., Searle, J., Thomas, L., et al. (1993). Genomic instability occurs in colorectal carcinomas but not in adenomas. Hum. Mutat. 2, 351–354. doi:10.1002/humu.1380020505
 Yue, N., Ye, M., Zhang, R., and Guo, Y. (2020). MiR-449b-5p targets lncRNA PSMG3-AS1 to suppress cancer cell proliferation in lung adenocarcinoma. BMC Pulm. Med. 20, 152. doi:10.1186/s12890-020-01189-5
 Zhang, M., Zheng, P., Wang, Y., and Sun, B. (2021). Two predicted models based on ceRNAs and immune cells in lung adenocarcinoma. PeerJ 9, e11029. doi:10.7717/peerj.11029
 Zhang, Y., Liu, Q., and Liao, Q. (2020). Long noncoding RNA: A dazzling dancer in tumor immune microenvironment. J. Exp. Clin. Cancer Res. 39, 231. doi:10.1186/s13046-020-01727-3
 Zhou, H., Huang, X., Shi, W., Xu, S., Chen, J., Huang, K., et al. (2022). LncRNA RP3-326I13.1 promotes cisplatin resistance in lung adenocarcinoma by binding to HSP90B and upregulating MMP13. Cell Cycle 21, 1391–1405. doi:10.1080/15384101.2022.2051971
 Zhu, X., Lin, M. C. M., Fan, W., Tian, L., Wang, J., Ng, S. S., et al. (2012). An intronic polymorphism in GRP78 improves chemotherapeutic prediction in non-small cell lung cancer. Chest 141, 1466–1472. doi:10.1378/chest.11-0469
 Zhu, X., Luo, H., and Xu, Y. (2019). Transcriptome analysis reveals an important candidate gene involved in both nodal metastasis and prognosis in lung adenocarcinoma. Cell Biosci. 9, 92. doi:10.1186/s13578-019-0356-1
 Zhu, X., Zhang, J., Fan, W., Wang, F., Yao, H., Wang, Z., et al. (2013). The rs391957 variant cis-regulating oncogene GRP78 expression contributes to the risk of hepatocellular carcinoma. Carcinogenesis 34, 1273–1280. doi:10.1093/carcin/bgt061
 Zou, Z., Zhou, S., Liang, G., Tang, Z., Li, K., Tan, S., et al. (2021). The pan-cancer analysis of the two types of uterine cancer uncovered clinical and prognostic associations with m6A RNA methylation regulators. Mol. Omics 17, 438–453. doi:10.1039/d0mo00113a
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.
Copyright © 2022 Xu, Tao, Li, Tan, Liu and Zhu. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/fgene-13-975905-g005.gif





OPS/images/fgene-13-975905-g006.gif
M l# |¢?






OPS/images/fgene-13-975905-g003.gif





OPS/images/fgene-13-975905-g004.gif
..................

T

i






OPS/images/fgene-13-975905-g009.gif
ais*w 4%%\ 1@§@g






OPS/images/fgene-13-975905-g007.gif
-l

B Ll il

Y






OPS/images/fgene-13-975905-g008.gif





OPS/xhtml/nav.xhtml
Contents

		Cover

		Prognostic model and immunotherapy prediction based on molecular chaperone-related lncRNAs in lung adenocarcinoma		Introduction

		Materials and methods		The data source

		Identification of molecular chaperone-related lncRNAs in patients with LUAD

		Molecular chaperones-related lncRNAs risk models were constructed

		Validation of risk prognostic models

		Correlation analysis of risk score and clinicopathological features

		Principal component analysis was used to assess high-risk and low-risk patients

		Go functional pathway and KEGG enrichment analysis of differential MCRLncs in LUAD

		Immune infiltration analysis was based on the single-sample gene set enrichment analysis

		Calculation of tumor mutational burden

		Immune escape and immunotherapy analysis

		Chemical drug sensitivity prediction

		Stem cell index mRNAsi in LUAD patients and its clinical significance

		Statistical analysis





		Results		Identification of molecular chaperone-related lncRNAs in LUAD patients

		Clinical assessment using risk assessment models

		Evaluation and validation of risk prognostic models

		Use principal components analysis to verify the performance of risk models

		Functional characteristics of risk prognosis models

		Risk models to assess the tumor immune microenvironment

		Prediction of chemosensitivity in patients with LUAD using risk scores

		Immunotherapy model validation and immunotherapy response analysis

		Stem cell index mRNAsi and clinical features correlated with prognosis





		Discussion

		Conclusion

		Data Availability Statement

		Ethics Statement

		Author contributions

		Funding

		Publisher’s Note

		Supplementary Material

		References









OPS/images/cover.jpg
& frontiers | Frontiers in Genetics






OPS/images/fgene-13-975905-g001.gif
;
|w......_.\;...,._-=\ [






OPS/images/fgene-13-975905-g002.gif





OPS/images/fgene-13-975905-t001.jpg
Covariates Type Total n = Test Subgroup Train Subgroup p-Value
494 n=164< n =330

fustat Alive 190(64.63%) 63(62.38%) 127(65.8%) 0.649
Dead 104(35.37%) 38(37.62%) 66(34.2%)

age <65 147(50%) 53(52.48%) 94(48.7%) 06233
>65 147(50%) 48(47.52%) 99(51.3%)

gender FEMALE 155(52.72%) 54(53.47%) 101(5233%) 09506
MALE 139(47.28%) 47(46.53%) 92(47.67%)

race AMERICAN INDIAN OR ALASKA NATIVE 1(0.34%) 1(0.99%) 0(0%) 04592
ASIAN 5(1.7%) 2(1.98%) 3(1.55%)
BLACK OR AFRICAN AMERICAN 27(9.18%) 11(10.89%) 16(8.29%)
WHITE 261(88.78%) 87(86.14%) 174(90.16%)

stage Stage 1 153(52.04%) 49(48.51%) 104(53.89%) 05155
Stage Il 72(24.49%) 30(29.7%) 42(21.76%)
Stage 1T 51(17.35%) 16(15.84%) 35(18.13%)
Stage IV 18(6.12%) 6(5.94%) 12(6.22%)

T T 96(32.65%) 35(34.65%) 61(31.61%) 0.644
T2 162(55.1%) 57(56.44%) 105(54.4%)
T3 23(7.82%) 6(5.94%) 17(8.81%)
T4 13(4.42%) 3(2.97%) 10(5.18%)

M Mo 276(93.88%) 95(94.06%) 181(93.78%) 1
M1 18(6.12%) 6(5.94%) 12(6.22%)

N No 189(64.29%) 63(62.38%) 126(65.28%) 07674
N1 60(20.41%) 23(22.77%) 37(19.17%)
N2 45(15.31%) 15(14.85%) 30(15.54%)









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers in Genetics





