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Objective: To conduct a robust prognostic gene expression signature and characterize molecular subtypes with distinct clinical characteristics for lung adenocarcinoma (LUAD).

Methods: Based on DNA repair genes from the GSEA database, a prognostic signature was conducted in the TCGA-LUAD training set via univariate and multivariate cox regression analysis. Its prediction power was validated by overall survival analysis, relative operating characteristic (ROC) curves and stratification analysis in the GSE72094 verification set. Involved pathways in the high- and low-risk groups were analyzed by GSEA. A nomogram was built based on the signature and clinical features and its performance was assessed by calibration plots. LUAD samples were clustered via the ConsensusClusterPlus package. The differences in clinical outcomes, single nucleotide polymorphism (SNP) and sensitivity to chemotherapy drugs between molecular subtypes were analyzed.

Results: A 13-DNA repair gene-signature was constructed for LUAD prognosis. Following validation, it can robustly and independently predict patients' clinical outcomes. The GSEA results exhibited the differences in pathways between high- and low- risk groups. A nomogram combining the signature and stage could accurately predict 1-, 3-, and 5-year survival probability. Two distinct molecular subtypes were characterized based on DNA repair genes. Patients in the Cluster 2 exhibited a worse prognosis and were more sensitive to common chemotherapy than those in the Cluster 1.

Conclusion:This study proposed a 13-DNA repair gene-signature as a prognostic factor for LUAD patients, which can independently predict clinical outcomes by complement of the stage. Moreover, we characterized two LUAD subtypes with distinct clinical outcomes, somatic gene mutations, and drug sensitivity in cancer based on DNA repair genes.
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INTRODUCTION

Lung cancer is one of the leading causes of cancer-related death globally (1). Non-small-cell lung cancer (NSCLC) occupies 85% of lung cancer (1). Among all cases of NSCLC, 50% are LUAD (2). Even with surgical resection at an early stage, patients with LUAD exhibit poor clinical outcomes and high recurrence risk (3). In comparison to other subtypes, LUAD has distinct molecular biological characteristics (4). Despite advances in targeted therapy, chemotherapy is still the standard treatment of LUAD. However, the incidence of chemotherapy resistance is relatively high, which can cause relapse and therapy failure, thereby ultimately lowering patients' survival time (5). High-throughput sequencing technology has accelerated the advancement of precision medicine (6). How to effectively classify the patients with same disease into different states is of importance to achieve precision medicine, depending on the genome characteristics of an individual patient. Many gene expression-related models have been conducted for prediction and stratification of LUAD patients' prognosis. Unfortunately, none of them is applied to routine clinical practice, partly due to small sample size, immoderate data fitting, as well as deficient evidence (7).

In the various activities of life, DNA damage is inevitable in organisms. The outcome of this damage depends on the degree of DNA damage and the cell's ability to repair DNA damage (8). If the damage is not repaired in time and correctly, it may lead to abnormal cell function. DNA repair is a process of correcting mismatched bases between two single strands of DNA, removing damaged bases or sugar bases on the DNA strands, and restoring the normal structure of DNA (9). DNA repair is an important link for the body to maintain the integrity and stability of the DNA structure and ensure the continuation of life and the stability of species. There are many pathways or systems to repair DNA damage in cells. Common DNA repair pathways or systems include direct repair, excision repair, recombination repair, and damage spanning repair (10). One kind of DNA damage can be repaired through multiple pathways, and one DNA repair pathway can also participate in the repair process of DNA damage at the same time. Damage to DNA bases can lead to changes in genetic code, which can produce abnormal RNA and proteins through transcription and translation, causing cell function decline, apoptosis, and even malignant transformation (11). DNA damage can lead to the activation of proto-oncogenes and the inactivation of tumor suppressor genes. The unbalanced expression of proto-oncogene and tumor suppressor gene is an important mechanism of cell malignancy (12). Studies have confirmed that DNA repair is involved in chemotherapy resistance (13), metastasis (14), and prognosis (15) of LUAD. Hence, it is of clinical significance to characterize prognostic signatures and molecular characteristics of LUAD based on these DNA repair-related gene expression profiles.

In this study, we conducted a novel prognostic gene expression signature and characterized two molecular subtypes with distinct clinical features on the basis of DNA repair-associated genes for LUAD.



MATERIALS AND METHODS


Selection of DNA Repair-Related Genes

One hundred and fifty DNA repair-related genes (Supplementary table 1) were retrieved from the defined gene sets of “hallmark DNA repair” pathway by the Gene Set Enrichment Analysis (GSEA) database (https://www.gsea-msigdb.org/gsea/index.jsp) (16).



LUAD Datasets

RNA-sequencing (RNA-seq) data and clinical features of 598 LUAD samples were downloaded from The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/) on July 13, 2020. The raw data were normalized and log2 converted. Totally, 522 LUAD patients possessed complete clinical information (stage, age, gender, and overall survival time). The TCGA-LUAD dataset was applied as the training set. Somatic gene mutations for 567 LUAD samples were also obtained from TCGA portal. GSE72094 dataset containing microarray expression profile and corresponding clinical information from 398 LUAD patients was retrieved from the Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/) (17), which was used as the validation set. Table 1 describes the clinical features of LUAD samples in the training and validation sets, respectively.


Table 1. The clinical features of LUAD samples in the training and validation sets.
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Construction of a Prognostic Risk Score Based on DNA Repair-Related Genes

Firstly, we screened out prognosis-related DNA repair genes with p < 0.05 via univariate cox regression survival analysis in the training set. Following multivariate cox regression analysis, genes independently associated with prognosis of LUAD were selected for construction of a prognostic risk score. The risk score of each sample was calculated on the basis of the regression coefficients and expression levels of selected genes, as follows: risk score = [image: image] (where N refers to the number of selected DNA repair genes; Expi indicates the expression levels of gene i in each LUAD sample and Coei is the regression coefficient of gene i). The cutoff value was determined according to the median value of the risk scores among all samples. Then, all patients were separated into high- and low-risk groups. The expression patterns of selected genes between the two groups were visualized into a heat map via the pheatmap package in R. Kaplan-Meier survival curves were depicted for prediction of the clinical outcomes in the two groups via the survival package in R. The differences in survival were evaluated via the log-rank test. The ROC curves were built and the area under the curves (AUCs) for 1-, 3-, and 5-year overall survival (OS) were calculated utilizing the survivalROC package in R.



Subgroup Kaplan-Meier Survival Analysis

LUAD samples in the training and validation sets were stratified into different subgroups based on age (≥65 and <65) and gender (female and male). Then, cancer samples in each subgroup were clustered into high- and low- risk groups. The differences on prognosis between the two groups were assessed via Kaplan-Meier OS analysis, followed by log-rank test.



Univariate and Multivariate Cox Regression Analysis

The relationships between age, gender, stage, and risk score and LUAD patients' prognosis were calculated using univariate cox regression analysis. To assess which clinical factors could independently predict the clinical outcomes of LUAD patients, we presented multivariate cox regression survival analysis. Hazard ratio (HR), 95% confidence interval (CI) and p-value were calculated, respectively.



GSEA

The differences in signaling pathways between the two groups were presented by adoption of the gene sets from The Molecular Signatures Database, with the cutoff values of the number of permutations = 1,000, and a false discovery rate (FDR) <0.25.



Development of a Predictive Nomogram

The two independent prognostic factors including risk score and stage were incorporated into the nomogram model for predicting the 1-, 3-, and 5-year survival probability. The calibration plots were depicted to evaluate the relationship between actual and nomogram-predicted survival utilizing the rms package in R.



Molecular Subtypes of LUAD Classification Based on DNA Repair Genes

On the basis of DNA repair-related genes, LUAD samples in the training and validation sets were clustered into k (2 to 9) groups using the ConsensusClusterPlus package in R (17). The optimal k value was determined to obtain a stable cluster. The PCA package in R was utilized to observe gene expression arrays in the LUAD groups. The differences on clinical outcomes between the two clusters were assessed via Kaplan-Meier survival analysis.



Connectivity Map (CMap) Mechanism of Action (MoA) Analysis

Differential expression analysis between high- and low-risk groups was carried out via the limma package (18). Differentially expressed genes (DEGs) were determined under the criteria of |log fold change (FC)| >1 and adjusted p-value < 0.01. The lists of up- and down-regulated genes were uploaded into the CMap database (build 02, https://portals.broadinstitute.org/cmap/index.jsp) (19). The connectivity between the expression of these DEGs and small molecules-induced gene expression profiles was measured. Small molecules negatively associated with the indicated genes were screened out according to negative connectivity scores and p < 0.05.



Chemotherapy Drug Sensitivity Analysis

The half maximal inhibitory concentration (IC50) of six chemotherapy drugs (Cisplatin, Paclitaxel, Docetaxel, Gemcitabine, Vinorelbine and Etoposide) in each LUAD sample from TCGA database was estimated via Genomics of Drug Sensitivity in Cancer (GDSC; http://www.cancerrxgene.org/) (20) utilizing the pRRophetic package in R (21). The differences in drug sensitivity of samples between two clusters were analyzed by Wilcoxon test.



Statistical Analysis

All statistical analyses were presented via R 3.6.3 (https://www.r-project.org/).




RESULTS


Development and Validation of a Prognostic Model for LUAD Patients Based on 13 DNA Repair-Related Genes

As tested by the univariate cox regression OS analysis, 32 DNA repair-related genes had distinct associations with OS of LUAD in the training set (all p-value < 0.05; Table 2). Among them, 27 genes were risk factors for LUAD prognosis [hazard ratio (HR) > 1]. Based on the multivariate cox regression OS analysis, 13 genes were independently related to prognosis of LUAD. Based on the regression coefficients and expression levels of these 13 DNA repair-related genes in each sample, the risk score was calculated as follows: 0.155162493 * expression (ADA) + (−0.172491643) * expression (BCAM) + 0.283098385 * expression (CANT1) + 0.282699006 * expression (ERCC8) + (−0.250057666) * expression (HCLS1) + 0.270360541 * expression (NCBP2) + (−0.289483144) * expression (NME1) + 0.20066966 * expression (NME4) + 0.276521771 * expression (POLA2) + (−0.491115581) * expression (RFC5) + 0.285872813 * expression (SSRP1) + (−0.582522672) * expression (STX3) + 0.300334712 * expression (TYMS). Among them, eight genes were risk factors (HR > 1) and five were protective factors (HR < 1) for LUAD prognosis. Based on the median value of the risk score, LUAD patients were separated into the high- and low- risk groups (Figure 1A). As the risk score increased, the number of patients under death status gradually increased (Figure 1B). There were distinct differences in the expression levels of the 13 genes between high- and low-risk groups (Figure 1C). LUAD patients in the high-risk group exhibited lower OS time in comparison to those in the low-risk group (p = 7.008e-10; Figure 1D). The sensitivity as well as specificity of the risk score was assessed via the ROC curve. The AUCs of the ROC curves for 1-, 3-, and 5- year OS were 0.712, 0.719, and 0.635, respectively (Figure 1E). We further validated the prognostic values of the risk score on the basis of 13 DNA repair-related genes in an independent GSE72094 validation set (n = 398). With the same calculation formular of the risk score, LUAD patients in the validation set were divided into high- and low- risk groups according to the median value of the risk scores in each sample (Figure 1F). Consistent with the training set, the number of LUAD patients with dead status was gradually augmented with the increase of the risk score (Figure 1G). The differences in the expression patterns of 13 DNA repair genes were shown in Figure 1H. As expected, LUAD patients in the high-risk group exhibited shorten OS time in comparison to those in the low-risk group (p = 9.014e-06; Figure 1I). The AUCs of the ROC curves for 1-, 3-, and 5- year OS were 0.673, 0.642 and 0.656, indicating the relatively high sensitivity and accuracy of the prediction model (Figure 1J).


Table 2. Thirty two DNA repair-related genes associated with prognosis in TCGA-LUAD cohort.
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FIGURE 1. Construction and verification of a prognostic model for LUAD patients according to 13 DNA repair-related genes. In the training set, (A) the distribution of the risk scores among all LUAD samples. According to the median value (dotted line), LUAD samples were divided into high- (red dot) and low- risk (green dot) groups. (B) The distribution of survival status of all LUAD samples. Red dot is indicative of dead status and green dot indicates alive status. (C) Heat map depicting the expression patterns in the 13 DNA repair genes between high- and low- risk groups. (D) Kaplan-Meier survival curve demonstrating the OS differences between high- and low- risk groups. (E) The ROC curves for 1-, 3-, and 5-year OS. In the validation set, (F) the distribution of the risk scores among all LUAD samples. (G) The distribution of survival status of all patients. (H) Hierarchical clustering heat map depicting the expression differences in the 13 DNA repair genes between high- and low- risk groups. (I) Kaplan-Meier survival curve showing the OS differences between the two groups. (J) The ROC curves for 1-, 3-, and 5-year OS.




The Risk Score Based on 13 DNA Repair Genes Is an Independent Prognostic Factor for LUAD

The prognostic characteristics of the risk score were analyzed via stratification analysis. For the training set, both in the ≥65 (Figure 2A) and <65 (Figure 2B) subgroups, patients with high risk scores exhibited a worsen prognosis in comparison to those with low risk scores (both p < 0.001). Regardless of whether it was a female (Figure 2C) or a male (Figure 2D) patient, high-risk score implied shorter survival time compared to low-risk score (both p < 0.001). Patients both at stage I-II (Figure 2E; p < 0.001) and III-IV (Figure 2F; p = 0.008) in the high-risk group had poorer prognosis compared to those in the low-risk group. Above results were confirmed in the validation set. Both ≥65 (Figure 2G; p < 0.001) and <65 (Figure 2H; p = 0.003) patients with high risk score indicated shorten OS time than those with low risk score. High risk score was indicative of shorten OS time than low risk score both for female (Figure 2I; p < 0.001) and male patients (Figure 2J; p = 0.008). Also, for patients both at stage I-II (Figure 2K; p <0.001) and stage III-IV (Figure 2L; p = 0.012), high risk score usually implied an unfavorable prognosis. We further evaluated the independence of the risk score in predicting the prognosis of LUAD patients. In the training set, the univariate cox regression analysis results demonstrated that age [p = 0.038 and HR (95%CI) = 1.014 (1.001–1.028)], stage [p = 0.038 and HR (95%CI) = 1.014 (1.001–1.028)] and risk score [p < 0.001 and HR (95%CI) = 1.429 (1.332–1.534)] were distinctly associated with LUAD patients' prognosis (Figure 2M). According to the multivariate cox regression analysis results, stage [p < 0.001 and HR (95%CI) = 1.531 (1.325–1.769)] and risk score [p < 0.001 and HR (95%CI) = 1.355 (1.259–1.458)] were both independent prognostic factors for LUAD (Figure 2N). The independency of the risk score for prediction of LUAD prognosis was confirmed in the validation set (Figures 2O,P). Collectively, the risk score was an independent prognostic factor for LUAD.


[image: Figure 2]
FIGURE 2. Validation the independency of the risk score based on 13 DNA repair genes for prediction of LUAD prognosis. In the training set, Kaplan-Meier curves depicted the differences on prognosis between high- and low- risk groups in different LUAD subgroups, including (A) ≥65, (B) <65, (C) female, (D) male, (E) stage I-II, and (F) stage III-IV. In the validation set, the differences on prognosis between high- and low- risk groups were confirmed in (G) ≥65, (H) <65, (I) female, (J) male, (K) stage I-II, and (L) stage III-IV subgroups. Univariate and multivariate cox regression survival analysis validated whether age, gender, stage, and risk score could independently predict the clinical outcomes of LUAD patients in the training (M,N) and validation sets (O,P).




Differences in Signaling Pathways Between High- and Low- Risk Groups

The differences in signaling pathways between high- and low- risk groups were analyzed via GSEA. For the training set, base excision repair, cell cycle, DNA replication, mismatch repair, oocyte meiosis, P53 signaling pathway and spliceosome were distinctly enriched in the high-risk group (Figure 3A). At the same time, ABC transporters and vascular smooth muscle contraction were significantly enriched in the low-risk group (Figure 3B). The similar enrichment results for high- (Figure 3C) and low- risk groups (Figure 3D) were confirmed in the validation set.


[image: Figure 3]
FIGURE 3. Unveiling the differences in involved signaling pathways between high- and low- risk groups. (A,B) Involved signaling pathways in the high- and low-risk groups in the training set. (C,D) Involved signaling pathways in the high- and low-risk groups in the validation set.




Development and Verification of a Personalized Prognostic Prediction Nomogram for LUAD

Two independent prognostic factors including stage and risk score were utilized for constructing the nomogram for prediction of the 1-, 3-, and 5-year survival probability in the training set (Figure 4A). Its feasibility in clinical practice was confirmed in the validation set (Figure 4B). As shown in the calibration plots, the nomogram could stably predict 1- (Figure 4C), 3- (Figure 4D), and 5-year (Figure 4E) OS in the training set. By confirmed in the validation set, 1- (Figure 4F), and 3-year (Figure 4G) OS was robustly predicted by the nomogram for LUAD patients. Taken together, the nomogram could possess the high clinical applicability for prediction of the survival probability of LUAD patients.


[image: Figure 4]
FIGURE 4. Development and verification of a nomogram for prediction of LUAD patients' 1-, 3-, and 5-year OS time. The nomogram including stage and risk score for prediction of 1-, 3-, and 5-year survival probability was conducted and verified in the (A) training set as well as (B) validation set. (C–E) Calibration plots showed the association between actual and the nomogram-predicted probability of 1-, 3-, and 5-year survival in the training set. (F,G) The association between actual and the nomogram-predicted probability of 1- and 3-year survival was confirmed in the validation set.




Characterization of Two LUAD Molecular Subtypes With Distinct Clinical Outcomes Based on DNA Repair-Associated Genes

Utilizing the ConsensusClusterPlus package, LUAD samples were clustered into different groups. When k = 2, two molecular subtypes were stably classified both in the training (Figures 5A–C) and validation sets (Figures 5D–F). PCA results demonstrated that there was a distinct difference in the expression profiles of DNA repair genes between the two molecular subtypes in the training set (Figure 5G). As shown in Kaplan-Meier OS curve, LUAD patients in the cluster 2 exhibited shorten OS time than those in the cluster 1 (p = 0.002; Figure 5H). Consistent with the training set, LUAD samples in the validation set were stably divided into two groups based on the expression profiles of DNA repair genes (Figure 5I). Moreover, patients in the cluster 2 had distinctly poorer prognosis in comparison to those in the cluster 1 (p = 1.909e-05; Figure 5J). Taken together, we characterized two LUAD molecular subtypes with distinct clinical outcomes according to DNA repair-associated genes.


[image: Figure 5]
FIGURE 5. Consensus clustering of DNA repair-associated genes clustered LUAD samples into two clusters with distinct clinical outcomes. In the training set, (A) the heat map showing the consensus matrix when k = 2. (B) Consensus clustering cumulative distribution function (CDF) under k = 2–9. (C) Relative change in area under CDF curve. In the validation set, (D) the heat map depicting the correlation between cluster 1 and 2. (E) Consensus clustering CDF under k = 2–9. (F) Relative change in area under CDF curve. (G) PCA of the expression profile of DNA repair genes from cluster 1 and 2 in the training dataset. (H) Kaplan-Meier OS curve between cluster 1 and 2 in the training set. (I) PCA of the expression profile of DNA repair genes from cluster 1 and 2 in the validation dataset. (J) Kaplan-Meier OS curve between cluster 1 and 2 in the validation dataset.




MoA Analysis via CMap Database

One hundred and nine DEGs were identified between high- and low-risk groups, with the threshold of |logFC| > 1 and adjusted p-value < 0.01, as shown in Figure 6A and Supplementary Table 2. The up- and down-regulated genes were imported into the CMap database. The results showed that 78 small molecules were predicted to target these DEGs. Moreover, 58 kinds of mode of drug actions were distinctly enriched by MoA analysis results (Figure 6B).


[image: Figure 6]
FIGURE 6. MoA analysis results via CMap database. (A) Heat map showing all DEGs between high- and low-risk groups. (B) Shared mechanism diagram of each compound in CMap.




Differences in Somatic Mutations Between Two LUAD Clusters

Among 567 LUAD samples from TCGA database, 459 (80.95%) occurred somatic mutations. Twenty frequently mutated genes were defined. Among them, TP53 (42%), TTN (40%), MUC16 (35%), CSMD3 (33%) and RYR2 (32%) were the five most frequently mutated genes (Figure 7). The most frequently mutation type was missense. Furthermore, the samples in the cluster 2 exhibited higher mutation levels in comparison to those in the cluster 1.


[image: Figure 7]
FIGURE 7. Differences in somatic mutations between two LUAD clusters from TCGA database. The 20 genes are ordered according to the frequencies of mutation. The bottom of the panel exhibits the mutation types as well as sample clusters. The right of the panel displays the mutation frequencies of the genes.




Evaluation of the Sensitivity of Chemotherapy Drugs to Two LUAD Clusters

We evaluated the differences in the sensitivity of chemotherapy drugs between the Two LUAD clusters using the GDSC database. The estimated IC50 values of Cisplatin (Figure 8A), Paclitaxel (Figure 8B), Docetaxel (Figure 8C), Gemcitabine (Figure 8D), Vinorelbine (Figure 8E) and Etoposide (Figure 8F) were all significantly higher in samples in the cluster 1 in comparison to those in the cluster 2 (all p < 0.05). These findings suggested that LUAD patients in the cluster 2 could show sensitivity to these six chemotherapy drugs.


[image: Figure 8]
FIGURE 8. Box plots showing the differences in estimated IC50 values of six chemotherapy drugs between the two LUAD clusters. (A) Cisplatin. (B) Paclitaxel. (C) Docetaxel. (D) Gemcitabine. (E) Vinorelbine. (F) Etoposide. Each dot is indicative of the estimated IC50 value in each LUAD sample. The higher the sensitivity to the drug, the lower the IC50 value.





DISCUSSION

In this study, we constructed a robust 13-DNA repair gene-signature for LUAD patients' prognosis, which could assist the stage system to predict the clinical outcomes, thereby providing more suitable treatments. Furthermore, two molecular subtypes with distinct clinical features were built on the basis of the expression profiles of DNA repair genes, which could be applied to tailor therapeutic strategies for LUAD patients.

It has been confirmed that DNA repair is widely involved in chemosensitivity, prognosis and metastasis of LUAD (22). A thorough understanding of the expression profile of DNA repair-associated genes in LUAD specimens may provide new ideas for improvement of patients' clinical outcomes. Totally, 150 DNA repair genes were obtained from the GSEA database. Via the univariate and multivariate cox regression analysis, we constructed a 13-gene signature. Patients with high risk score were indicative of poorer OS time than those with low-risk score. The AUCs of the ROCs for 1-, 3-, and 5-year OS time confirmed its well-predictive performance, which were confirmed in the validation set. Furthermore, its predictive accuracy and independency were verified by stratification analysis and multivariate cox regression analysis. As previous research, the prognostic potential of DNA repair genes has been found in gastric cancer (23). A 7-DNA repair gene-signature can predict hepatocellular carcinoma patients' prognosis (24). We further probed into involved signaling pathways for high- and low-risk groups. As a result, different pathways were enriched in the high- and low-risk groups. Several LUAD-related pathways including base excision repair (25), cell cycle (26), DNA replication (27), mismatch repair (28), oocyte meiosis (29), P53 signaling pathway (30) and spliceosome (31) were distinctly enriched in the high-risk group. Moreover, ABC transporters (32) and vascular smooth muscle contraction (33) were significantly enriched in the low-risk group, suggesting that DNA repair genes for high- and low-risk groups participated in distinct pathways. Precision medicine largely depends on the identification of individual genomic characteristics of different LUAD patients. By combining the signature and stage, we established a nomogram for prediction of 1-, 3-, and 5-year OS. The model can accurately classify patients' prognostic risk. Based on DEGs between high- and low-risk groups, we screened 77 small molecule drugs and 58 drug mechanisms for LUAD, which should be validated by in-depth analysis.

The prediction of the therapy response is one of the main goals of precision medicine, depending largely on an unknown subset of biological characteristics. Characterization of the molecular characteristics for a specific patient is essential to alleviate heterogeneity and tailor treatment (34). By analyzing the LUAD samples from the TCGA-LUAD training set and an independent GSE72094 verification set, we characterized two LUAD molecular subtypes based on DNA repair-related gene expression profiles. Kaplan-Meier OS analysis results demonstrated that LUAD patients in the cluster 2 exhibited worsen clinical outcomes than those in the cluster 1. Chemotherapy is the first choice for LUAD patients in the advanced stage, but its response rate is very low (35). Chemoresistance contributes to the short survival time of LUAD patients following initial chemotherapy (32). It has been estimated that chemotherapy can only reduce the deaths of lung cancer patients by 4% following 5 years in comparison to the untreated group (36). Hence, it is of importance to identify a specific molecular subtype of LUAD that could be sensitive to chemotherapy. In this study, patients in the cluster 2 may be more sensitive to six chemotherapy drugs (Cisplatin, Paclitaxel, Docetaxel, Gemcitabine, Vinorelbine, and Etoposide) compared to those in the cluster 1, which should be validated in future clinical trials.

However, there are several limitations in our study. Firstly, the signature and molecular subtypes were constructed by a retrospective study. In future studies, their predictive power will be verified in large-scale prospective research. Secondly, due to lack of SNP data in other databases, the differences in SNP between the two molecular subtypes were verified in independent datasets. Taken together, the signature and molecular subtypes that we constructed could be used to improve the current risk stratification of LUAD.



CONCLUSION

Collectively, this study constructed a 13-DNA repair gene-signature for LUAD prognosis. Following validation, this signature can accurately and independently predict patients' clinical outcomes. A nomogram combining the signature and stage was established as an individual clinical prediction tool. According to DNA repair gene expression profiles, two molecular subtypes were characterized, with distinct clinical outcomes, somatic gene mutations as well as sensitivity to chemotherapy drugs, which may be used to guide clinical treatment decisions.



DATA AVAILABILITY STATEMENT

The original contributions presented in the study are included in the article/Supplementary Materials, further inquiries can be directed to the corresponding author.



AUTHOR CONTRIBUTIONS

ZL conceived and designed the study. YL and BH conducted most of the experiments and data analysis, and wrote the manuscript. DL participated in collecting data and helped to draft the manuscript. All authors reviewed and approved the manuscript. All authors contributed to the article and approved the submitted version.



FUNDING

This work was funded by Sichuan Science and Technology Program (CN) (2019JDRC0068, 2019YFG0517); Research Project of Sichuan Provincial Health Commission (19PJ254); Yunnan Province Health and Family Planning Commission Medical Reserve Talents Plan (H-2017-013); and 2018CSCO-Qilu Cancer Research Fund Project (Y-Q201802-011).



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fmed.2020.615981/full#supplementary-material

Supplementary Table 1. A total of 150 DNA repair-related genes.

Supplementary Table 2. 109 DEGs between high- and low-risk groups with the threshold of |logFC| >1 and adjusted p-value < 0.01.



ABBREVIATIONS

LUAD, lung adenocarcinoma; ROC, relative operating characteristic; SNP, single nucleotide polymorphism; NSCLC, non-small-cell lung cancer; LUAD, lung adenocarcinoma; GSEA, Gene Set Enrichment Analysis; RNA-seq, RNA-sequencing; TCGA, The Cancer Genome Atlas; GEO, Gene Expression Omnibus; AUCs, area under the curves; OS, overall survival; HR, hazard ratio; CI, confidence interval; FDR, false discovery rate; CMap, Connectivity Map; MoA, mechanism of action; DEGs, differentially expressed genes; FC, fold change; IC50, half maximal inhibitory concentration; GDSC, Genomics of Drug Sensitivity in Cancer.



REFERENCES

 1. Zhu X, Chen L, Liu L, Niu X. EMT-mediated acquired EGFR-TKI resistance in NSCLC: mechanisms and strategies. Front Oncol. (2019) 9:1044. doi: 10.3389/fonc.2019.01044

 2. Yun X, Zhang K, Wang J, Pangeni RP, Yang L, Bonner M, et al. Targeting USP22 suppresses tumorigenicity and enhances cisplatin sensitivity through ALDH1A3 downregulation in cancer-initiating cells from lung adenocarcinoma. Mol Cancer Res. (2018) 16:1161–71. doi: 10.1158/1541-7786.MCR-18-0042

 3. Moreno Leon L, Gautier M, Allan R, Ilié M, Nottet N, Pons N, et al. The nuclear hypoxia-regulated NLUCAT1 long non-coding RNA contributes to an aggressive phenotype in lung adenocarcinoma through regulation of oxidative stress. Oncogene. (2019) 38:7146–65. doi: 10.1038/s41388-019-0935-y 

 4. Denisenko TV, Budkevich IN, Zhivotovsky B. Cell death-based treatment of lung adenocarcinoma. Cell Death Dis. (2018) 9:117. doi: 10.1038/s41419-017-0063-y

 5. Zhang Y, Du H, Li Y, Yuan Y, Chen B, Sun S. Elevated TRIM23 expression predicts cisplatin resistance in lung adenocarcinoma. Cancer Sci. (2020) 111:637–46. doi: 10.1111/cas.14226

 6. Guan NN, Zhao Y, Wang CC, Li JQ, Chen X, Piao X. Anticancer drug response prediction in cell lines using weighted graph regularized matrix factorization. Mol Ther Nucleic Acids. (2019) 17:164–74. doi: 10.1016/j.omtn.2019.05.017

 7. Zhang M, Zhu K, Pu H, Wang Z, Zhao H, Zhang J, et al. An immune-related signature predicts survival in patients with lung adenocarcinoma. Front Oncol. (2019) 9:1314. doi: 10.3389/fonc.2019.01314

 8. Chatterjee N, Walker GC. Mechanisms of DNA damage, repair, and mutagenesis. Environ Mol Mutagen. (2017) 58:235–63. doi: 10.1002/em.22087

 9. Chang HHY, Pannunzio NR, Adachi N, Lieber MR. Non-homologous DNA end joining and alternative pathways to double-strand break repair. Nat Rev Mol Cell Biol. (2017) 18:495–506. doi: 10.1038/nrm.2017.48

 10. Sancar A, Lindsey-Boltz LA, Unsal-Kaçmaz K, Linn S. Molecular mechanisms of mammalian DNA repair and the DNA damage checkpoints. Annu Rev Biochem. (2004) 73:39–85. doi: 10.1146/annurev.biochem.73.011303.073723

 11. Gavande NS, VanderVere-Carozza PS, Hinshaw HD, Jalal SI, Sears CR, Pawelczak KS, et al. DNA repair targeted therapy: the past or future of cancer treatment? Pharmacol Ther. (2016) 160:65–83. doi: 10.1016/j.pharmthera.2016.02.003

 12. Stover EH, Konstantinopoulos PA, Matulonis UA, Swisher EM. Biomarkers of response and resistance to DNA repair targeted therapies. Clin Cancer Res. (2016) 22:5651–60. doi: 10.1158/1078-0432.CCR-16-0247

 13. Lu GS, Li M, Xu CX, Wang D. APE1 stimulates EGFR-TKI resistance by activating Akt signaling through a redox-dependent mechanism in lung adenocarcinoma. Cell Death Dis. (2018) 9:1111. doi: 10.1038/s41419-018-1162-0

 14. Choi EB, Yang AY, Kim SC, Lee J, Choi JK, Choi C, et al. PARP1 enhances lung adenocarcinoma metastasis by novel mechanisms independent of DNA repair. Oncogene. (2016) 35:4569–79. doi: 10.1038/onc.2016.3

 15. Dong Y, Zhang D, Cai M, Luo Z, Zhu Y, Gong L, et al. SPOP regulates the DNA damage response and lung adenocarcinoma cell response to radiation. Am J Cancer Res. (2019) 9:1469–83.

 16. Subramanian A, Tamayo P, Mootha VK, Mukherjee S, Ebert BL, Gillette MA, et al. Gene set enrichment analysis: a knowledge-based approach for interpreting genome-wide expression profiles. Proc Natl Acad Sci USA. (2005) 102:15545–50. doi: 10.1073/pnas.0506580102

 17. Schabath MB, Welsh EA, Fulp WJ, Chen L, Teer JK, Thompson ZJ, et al. Differential association of STK11 and TP53 with KRAS mutation-associated gene expression, proliferation and immune surveillance in lung adenocarcinoma. Oncogene. (2016) 35:3209–16. doi: 10.1038/onc.2015.375

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

 19. Musa A, Ghoraie LS, Zhang SD, Glazko G, Yli-Harja O, Dehmer M, et al. A review of connectivity map and computational approaches in pharmacogenomics. Brief Bioinform. (2018) 19:506–23. doi: 10.1093/bib/bbx023

 20. Yang W, Soares J, Greninger P, Edelman EJ, Lightfoot H, Forbes S, et al. Genomics of drug sensitivity in cancer (GDSC): a resource for therapeutic biomarker discovery in cancer cells. Nucleic Acids Res. (2013) 41:D955–61. doi: 10.1093/nar/gks1111

 21. Geeleher P, Cox N, Huang RS. pRRophetic: an R package for prediction of clinical chemotherapeutic response from tumor gene expression levels. PLoS ONE. (2014) 9:e107468. doi: 10.1371/journal.pone.0107468

 22. Wang C, Gu Y, Zhang E, Zhang K, Qin N, Dai J, et al. A cancer-testis non-coding RNA LIN28B-AS1 activates driver gene LIN28B by interacting with IGF2BP1 in lung adenocarcinoma. Oncogene. (2019) 38:1611–24. doi: 10.1038/s41388-018-0548-x 

 23. Jinjia C, Xiaoyu W, Hui S, Wenhua L, Zhe Z, Xiaodong Z, et al. The use of DNA repair genes as prognostic indicators of gastric cancer. J Cancer. (2019) 10:4866–75. doi: 10.7150/jca.31062

 24. Li N, Zhao L, Guo C, Liu C, Liu Y. Identification of a novel DNA repair-related prognostic signature predicting survival of patients with hepatocellular carcinoma. Cancer Manag Res. (2019) 11:7473–84. doi: 10.2147/CMAR.S204864

 25. Parry EM, Gable DL, Stanley SE, Khalil SE, Antonescu V, Florea L, et al. Germline mutations in DNA repair genes in lung adenocarcinoma. J Thorac Oncol. (2017) 12:1673–8. doi: 10.1016/j.jtho.2017.08.011

 26. Luo J, Liu K, Yao Y, Sun Q, Zheng X, Zhu B, et al. DMBX1 promotes tumor proliferation and regulates cell cycle progression via repressing OTX2-mediated transcription of p21 in lung adenocarcinoma cell. Cancer Lett. (2019) 453:45–56. doi: 10.1016/j.canlet.2019.03.045

 27. You J, Wang X, Wang J, Yuan B, Zhang Y. DDX59 promotes DNA replication in lung adenocarcinoma. Cell Death Discov. (2017) 3:16095. doi: 10.1038/cddiscovery.2016.95

 28. Basse V, Schick U, Guéguen P, Le Maréchal C, Quintin-Roué I, Descourt R, et al. A mismatch repair-deficient hepatoid adenocarcinoma of the lung responding to anti-PD-L1 durvalumab therapy despite no PD-L1 expression. J Thorac Oncol. (2018) 13:e120–2. doi: 10.1016/j.jtho.2018.03.004

 29. Yu B, Li T, Chen J, Wang FQ, Fu JH, Liu SM, et al. Identification of activated pathways in lung adenocarcinoma based on network strategy. J Cancer Res Ther. (2020) 16:793–9. doi: 10.4103/0973-1482.199458

 30. Yin N, Liu Y, Khoor A, Wang X, Thompson EA, Leitges M, et al. Protein kinase Cι and Wnt/β-catenin signaling: alternative pathways to Kras/Trp53-driven lung adenocarcinoma. Cancer Cell. (2019) 36:156–167.e157. doi: 10.1016/j.ccell.2019.07.002

 31. Kim S, Park C, Jun Y, Lee S, Jung Y, Kim J. Integrative profiling of alternative splicing induced by U2AF1 S34F mutation in lung adenocarcinoma reveals a mechanistic link to mitotic stress. Mol Cells. (2018) 41:733–41. doi: 10.14348/molcells.2018.0176

 32. Zhan J, Wang P, Li S, Song J, He H, Wang Y, et al. HOXB13 networking with ABCG1/EZH2/Slug mediates metastasis and confers resistance to cisplatin in lung adenocarcinoma patients. Theranostics. (2019) 9:2084–99. doi: 10.7150/thno.29463

 33. Wu X, Zhang W, Hu Y, Yi X. Bioinformatics approach reveals systematic mechanism underlying lung adenocarcinoma. Tumori. (2015) 101:281–6. doi: 10.5301/tj.5000278

 34. Koras K, Juraeva D, Kreis J, Mazur J, Staub E, Szczurek E. Feature selection strategies for drug sensitivity prediction. Sci Rep. (2020) 10:9377. doi: 10.1038/s41598-020-65927-9

 35. Seidl C, Panzitt K, Bertsch A, Brcic L, Schein S, Mack M, et al. MicroRNA-182-5p regulates hedgehog signaling pathway and chemosensitivity of cisplatin-resistant lung adenocarcinoma cells via targeting GLI2. Cancer Lett. (2020) 469:266–76. doi: 10.1016/j.canlet.2019.10.044

 36. Pignon JP, Tribodet H, Scagliotti GV, Douillard JY, Shepherd FA, Stephens RJ, et al. Lung adjuvant cisplatin evaluation: a pooled analysis by the LACE collaborative group. J Clin Oncol. (2008) 26:3552–9. doi: 10.1200/JCO.2007.13.9030

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 © 2020 Hu, Liu, Liu and Li. 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/fmed-07-615981-g005.gif





OPS/images/fmed-07-615981-g006.gif





OPS/images/fmed-07-615981-g003.gif





OPS/images/fmed-07-615981-g004.gif
e






OPS/images/fmed-07-615981-t001.jpg
Characteristics Training set (n = 522)
Age
<65 247
265 275
Gender
Female 282
Male 240
Stage
Stage I 110
Stage lI-V 412

Unknown 0

Validation set (n = 398)

107
201

222
176

321
72





OPS/images/fmed-07-615981-g007.gif
e

[&l@ i l’*'\“ e =

o 1”“\' I I‘l [\‘\‘HII‘H}H ity

Bt | IH\I\IHH‘ e H’ll
|
p

Bt M

Il !11\\ |i I

IR

i R
et
L






OPS/images/fmed-07-615981-g008.gif
mrhLiTs

-L_I_ _|__._ _u__s_





OPS/xhtml/Nav.xhtml




Contents





		Cover



		DNA Repair-Based Gene Expression Signature and Distinct Molecular Subtypes for Prediction of Clinical Outcomes in Lung Adenocarcinoma



		Introduction



		Materials and Methods



		Selection of DNA Repair-Related Genes



		LUAD Datasets



		Construction of a Prognostic Risk Score Based on DNA Repair-Related Genes



		Subgroup Kaplan-Meier Survival Analysis



		Univariate and Multivariate Cox Regression Analysis



		GSEA



		Development of a Predictive Nomogram



		Molecular Subtypes of LUAD Classification Based on DNA Repair Genes



		Connectivity Map (CMap) Mechanism of Action (MoA) Analysis



		Chemotherapy Drug Sensitivity Analysis



		Statistical Analysis







		Results



		Development and Validation of a Prognostic Model for LUAD Patients Based on 13 DNA Repair-Related Genes



		The Risk Score Based on 13 DNA Repair Genes Is an Independent Prognostic Factor for LUAD



		Differences in Signaling Pathways Between High- and Low- Risk Groups



		Development and Verification of a Personalized Prognostic Prediction Nomogram for LUAD



		Characterization of Two LUAD Molecular Subtypes With Distinct Clinical Outcomes Based on DNA Repair-Associated Genes



		MoA Analysis via CMap Database



		Differences in Somatic Mutations Between Two LUAD Clusters



		Evaluation of the Sensitivity of Chemotherapy Drugs to Two LUAD Clusters







		Discussion



		Conclusion



		Data Availability Statement



		Author Contributions



		Funding



		Supplementary Material



		Abbreviations



		References

















OPS/images/cover.jpg
’ frontiers
in Medicine

DNA Repair-Based Gene Expression
Signature and Distinct Molecular
Subtypes for Prediction of Clinical

Outcomes in Lung Adenocarcinoma





OPS/images/fmed-07-615981-g001.gif





OPS/images/fmed-07-615981-g002.gif





OPS/images/inline_1.gif
Nt
> (Bt Coel)





OPS/images/fmed-07-615981-t002.jpg
Gene symbol

ADA
BCAM
CANT1
CDA

ERCC1
ERCC8
FEN1
GTF2A2
HCLS1
HPRT1
LGt
NCBP2
NME1
NME4
PNP
POLA2
POLD1
PRIM1
RADS1
REV3L
RFC2
RFC3
RFC4
RFC5
RRM2B
SAC3D1
SSRP1
STX3
TYMS
UMPS
2ZWINT

Hazard ratio

1.276466
0.900808
1.405956
1.093281
1.604697
1.377498
1.378663
1.374169
1.321664
0.824927
1.241742
1.270208
1.395600
1.193964
1.278442
1.239829
1.478941
1.236396
1.2561763
1.326782
0.762314
1.247070
1.252040
1.260330
1.248384
0.790524
1.239607
1.376528
0.648227
1.355027
1.425316
1.246273

Low 95%

1.097591
0.815995
1.114076
1.019235
1.189018
1.064050
1.031678
1.151363
1.021947
0.719482
1.008485
1.018105
1.016886
1.001807
1.084148
1.015621
1.158915
1.003002
1.058700
1.142959
0.599641
1.004926
1.036454
1.080214
1.001078
0.645450
1.022339
1.043073
0.486480
1.169523
1.076630
1.090559

High 95%

1.484492
0.994436
1.774306
1.172708
2.165696
1.783282
1.842350
1.640091
1.709282
0.945826
1.628950
1.584735
1.915356
1.422979
1.635891
1613633
1.887338
1524100
1.480034
1.540169
0.969116
1547561
1.612468
1.470479
1.656784
0.968205
1.503049
1.816583
0.863754
1.569955
1.886930
1.424221

P-value

0.001531
0.038401
0.004106
0.012688
0.001980
0.015047
0.020947
0.000429
0.033552
0.005813
0.041396
0.034097
0.039053
0.047688
0.008686
0.034663
0.001658
0.046807
0.008606
0.000202
0.026683
0.045008
0.019736
0.003276
0.048892
0.023067
0.028913
0.023950
0.003076
5.24E-05
0.013296
0.001225









OPS/images/crossmark.jpg
©

2

i

|





OPS/images/logo.jpg
, frontiers
in Medicine





