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The RTK/RAS pathway is an oncogenic signaling pathway for which many targeted drugs have been developed; however, survival remains poor. A combination of targeted therapy and immunotherapy has emerged as an option for improving cancer treatment responses. In this study, on the basis of the expression, survival, single nucleotide variation (SNV), copy number variation (CNV), and methylation data of lung adenocarcinoma (LUAD) from The Cancer Genome Atlas database, we comprehensively analyzed the genomic changes in the RTK/RAS pathway and their associations with tumor-infiltrating lymphocytes (TIL) and prognosis in LUAD to provide the genomics landscape of RTK/RAS with TIL and prognosis. We found that two rarely mutated genes, mitogen-activated protein kinase kinase 1 and insulin-like growth factor 1 receptor, were significantly associated with the worse survival of patients with LUAD. Patients with LUAD and co-mutation of KRAS proto-oncogene (KRAS) and neurofibromin 1 genes had worse survival, and the underlying mechanism could be insufficient for protein synthesis and intracellular signal deactivation. Methylation of the Rac family small GTPase 1 (RAC1) was associated with better survival. The SNVs of the top mutated genes, including epidermal growth factor receptor (12.7%), neurotrophic receptor tyrosine kinase 3 (7.8%), erb-b2 receptor tyrosine kinase 4 (8.5%), and KRAS (29.6%), were associated with T cell exhaustion in LUAD. To construct nomograms, we further screened the genes whose genomic changes were closely associated with survival and immune infiltration. The nomograms performed well in predicting disease-specific survival (DSS) with a concordance index of 0.7 (0.589, 0.811) and overall survival with a concordance index of 0.689 (0.603, 0.775) in test set; they also showed good correspondence between actual and ideal nomogram predictions. Tumor stage, RAC1 methylation, and type 1 regulatory T cells greatly contributed to DSS and OS nomograms. In summary, we provided a comprehensive genomic profile of the RTK/RAS pathway in LUAD and its association with immune cell infiltration and prognosis of LUAD. This profile would serve as a basis for developing better therapeutic strategies, improving patient prognosis, and understanding the mechanisms of immune disturbance from the perspective of oncogenic pathways of LUAD.
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Introduction

Lung cancer is one of the most fatal malignant cancers, accounting for 26% of cancer-related deaths worldwide (1). The most prevalent histological class of lung cancer is non-small-cell lung cancer (NSCLC), with approximately 85% incidence (2), while the most common NSCLC subtype is lung adenocarcinoma (LUAD). The survival rate of patients with LUAD is poor (5-year relative survival: 18%) (1). Many drugs targeting oncogenic pathways, such as the RTK/RAS pathway, have been developed for LUAD; however, the survival of patients with LUAD remains poor (3). Therapeutic failure sometimes occurs because of heterogeneity in the tumor microenvironment (TME). The TME involves interactions between immune and tumor cells and plays a pivotal role in cancer progression and patient prognosis (4, 5). The TME and its immune context may be shaped by oncogenic signaling pathways of tumor cells (6). A combination of oncogenic signaling pathways and the immune system is a promising strategy for cancer therapeutics and prognostic prediction. For instance, the RTK/Ras/PI3K/AKT pathway is a potential biomarker for cancer immunotherapy (7). Mitogen-activated protein/extracellular signal-regulated kinase kinase inhibition and the CD274 molecule/prephenate dehydratase 1 immune pathway elicit a synergistic effect in response to lung cancer therapy (8). The KRAS proto-oncogene (KRAS) G12C inhibitor sotorasib combined with immune checkpoint inhibitors produces long-term cure in immune-competent mice (9). These findings suggest that combination therapies have emerged as cancer treatment options. Thus, biomarkers associated with immunity should be screened from the existing oncogenic pathway to help develop better therapeutic strategies and improve patient prognosis.

In this study, we comprehensively analyzed the mutation landscape (single nucleotide variation (SNV), copy number variation (CNV), and methylation) of 38 genes in the RTK/Ras pathway and estimated its association with immunity and four survival types. We found that two rarely mutated genes (MAPK1 and IGF1R) were potential prognostic predictors of LUAD; patients with LUAD had co-mutation of KRAS and neurofibromin 1 (NF1) genes served worse survival, and the underlying mechanism could be insufficient for protein synthesis and intracellular signal deactivation. These findings providing new targets for precision medicine. We revealed close associations between mutations in the RTK/RAS pathway and TME immune infiltration. These associations could serve as powerful predictors of LUAD survival in nomograms. Our study provided more possibilities for the evaluation of survival probability via a mutation-immune combined strategy to help establish better therapeutic strategies, improve patient prognosis, and understand the mechanisms of immunity disturbance from the perspective of oncogenic pathways of LUAD.



Materials and Methods


Data Collection and Processing

The 38 key genes of the RTK/RAS pathway were obtained from published studies (10). SNV, CNV, and methylation data were provided by GSCA (11) (http://bioinfo.life.hust.edu.cn/GSCA/#/), the synapse database, and the University of California Santa Cruz Xena (http://xena.ucsc.edu/). In brief, processed SNV data from 565 LUAD tumor samples were collected from the Synapse database (ID: syn7824274). Seven types of SNVs were included in the analysis: missense mutations, nonsense mutations, frameshift insertions, frameshift deletions, splice sites, in-frame deletions, and in-frame insertions. For CNV data, continuous gene-level CNVs were used for correlation analysis. To get the grouped CNV data, the continuous CNV data were further processed using GISTIC2.0 (12) threshold method to obtain categorized CNV data. According to the GISTIC score, the CNV data were divided into five categories: homozygous deletion (score = −2: deep loss), homozygous amplification (score = 2: high-level amplification), diploid (score = 0), heterozygous deletion (score = −1: shallow loss), and heterozygous amplification (score = 1: low-level gain). Based on this, CNV data were further classified into amplification (Amp., homozygous amplification, and heterozygous amplification), deletion (Dele., homozygous deletion, and heterozygous deletion), and wild type (WT). For methylation, Illumina Human Methylation 450k-level 3 methylation data was used for the correlation analysis of each gene to screen the sites that were most negatively correlated with gene expression. Only these sites were included in methylation analysis (Table S1). A total of 513, 513, 442, and 278 samples had overall survival (OS), progression-free survival (PFS), disease-specific survival (DSS), and disease-free survival (DFI) data in LUAD. The sample size of each data type was summarized in Table S2.



RTK/RAS Pathway Gene Collection

The following gene sets of the RTK/RAS pathway were collected from a previously published study (10): epidermal growth ;factor receptor (EGFR), erb-b2 receptor tyrosine kinase 2 (ERBB2), erb-b2 receptor tyrosine kinase 3 (ERBB3), erb-b2 receptor tyrosine kinase 4 (ERBB4), MET proto-oncogene, receptor tyrosine kinase (MET), platelet derived growth factor receptor alpha (PDGFRA), fibroblast growth factor receptor 1 (FGFR1), fibroblast growth factor receptor 2 (FGFR2), fibroblast growth factor receptor 3 (FGFR3), fibroblast growth factor receptor 4 (FGFR4), KIT proto-oncogene, receptor tyrosine kinase (KIT), insulin like growth factor 1 receptor (IGF1R), ret proto-oncogene (RET), ROS proto-oncogene 1, receptor tyrosine kinase (ROS1), ALK receptor tyrosine kinase (ALK), fms related receptor tyrosine kinase 3 (FLT3), neurotrophic receptor tyrosine kinase 1 (NTRK1), neurotrophic receptor tyrosine kinase 2 (NTRK2), neurotrophic receptor tyrosine kinase 3 (NTRK3), Janus kinase 2 (JAK2), Cbl proto-oncogene (CBL), ERBB receptor feedback inhibitor 1 (ERRFI1), ABL proto-oncogene 1, non-receptor tyrosine kinase (ABL1), SOS Ras/Rac guanine nucleotide exchange factor 1 (SOS1), NF1, RAS p21 protein activator 1 (RASA1), protein tyrosine phosphatase non-receptor type 11 (PTPN11), KRAS, HRas proto-oncogene, GTPase (HRAS), NRAS proto-oncogene, GTPase (NRAS), Ras like without CAAX 1 (RIT1), A-Raf proto-oncogene, serine/threonine kinase (ARAF), B-Raf proto-oncogene, serine/threonine kinase (BRAF), Raf-1 proto-oncogene, serine/threonine kinase (RAF1), Rac family small GTPase 1 (RAC1), mitogen-activated protein kinase 1 (MAPK1), mitogen-activated protein kinase kinase 1 (MAP2K1), and mitogen-activated protein kinase kinase 2 (MAP2K2).



Estimation of SNV Frequency for Single Gene and Gene Set

The frequency of SNV for each gene in the RTK/RAS pathway was calculated. Seven types of deleterious mutations were included in this analysis: missense, nonsense, frameshift insertion, splice site, frameshift deletion, in-frame deletion, and in-frame insertion. GSCA, which represents the integrated SNV status of a gene set, was also used to perform gene set SNV analysis. Briefly, a sample was classified into the mutant group only when at least one gene in the RTK/RAS pathway was mutated in this sample. If none of the genes in the RTK/RAS pathway were mutated in a sample, this sample was classified into the WT group.



Estimation of CNV Frequency and Gene Set CNV

The frequencies of homozygous deletion or amplification and heterozygous deletion or amplification were summarized. Gene set CNV was performed using GSCA. The gene set CNV represented the integrated CNV status of a gene set; here, it is the RTK/RAS pathway. A sample was classified into an amplification or deletion group only when at least one gene in the RTK/RAS pathway was consistently amplified or deleted in this sample. If all genes in the RTK/RAS pathway carried no CNV in a sample, the sample was classified into the WT group. The samples with both amplifications and deletions of genes in the RTK/RAS pathway were excluded from the gene set CNV analysis.



Differential Methylation and Differential Expression Analysis

Differential methylation and expression analyses were performed for the RTK/RAS pathway genes in 29 and 58 paired tumor-normal LUAD samples, respectively. The methylation site that was most negatively correlated with mRNA expression was filtered for each gene in the methylation analysis (Table S1). The Wilcoxon rank sum test was performed to compare methylation and expression levels between tumor and normal samples. To control the false discovery rate (FDR), the P-value was adjusted using the multiple testing method: Benjamini & Hochberg. The difference in methylation (tumor-normal) and FDR was used to evaluate the change in methylation between the groups.



Estimation of the Abundance of Immune Cells

ImmuCellAI (13) predicted the abundance of each immune cell tpe in each sample based on the mRNA expression data of immune cell markers. The abundance of 24 immune cells, including dendritic cells, B cells, monocytes, macrophages, natural killer cells (NK), neutrophils, CD4 T cells (CD4_T), CD8 T cells (CD8_T), natural killer T cells (NKT), gamma delta T cells (gamma_delta), CD4 naïve T cells (CD4_naive), CD8 naïve T cells (CD8_naive), cytotoxic T cells (cytotoxic), exhausted T cells (exhausted), type 1 regulatory T cells (Tr1), natural Tregs (nTregs), induced regulatory T cells (iTregs), T helper type 1 (Th1), T helper type 2 (Th2), T helper type 17 (Th17), T follicular helper cells (Tfh), central memory T cells (Central_memory), effector memory T cells (effector_memory), and mucosal-associated invariant T cells (MAIT) were estimated for each sample via ImmuCellAI (13).



Survival Analysis

The OS, PFS, DSS, and DFI survival data and SNV, CNV, and methylation data were merged using sample barcodes. Tumor samples were grouped before analysis. For SNV data, tumor samples were divided into mutant and WT groups according to the SNV status of the gene. For CNV survival analysis, tumor samples were classified into three groups according to homozygous and heterozygous CNV status, including amplification, deletion, and WT (Table S3). Additionally, the pairwise_survdiff function in the survminer R package was used for the pairwise comparison among the three groups and correction of the P-value by using multiple testing. For methylation and expression data, tumor samples were divided into higherhigh and low groups through the middle values. R package survival was used to fit survival time and status. The Cox proportional hazards model and log-rank tests were performed to test the survival difference between more than two groups. R package survminer was used to generate the survival curves. Statistical significance was set at P-value ≤ 0.05.



Construction of Nomograms

Mutation, clinical, and immune cell abundance data were combined using sample barcodes. The NAs in the data were removed. First, for each type of survival data, the samples were randomly separated into training (70%) and test (30%) sets. The R package of caret was used for random selection of samples. Second, according to the univariable survival analysis result, the variables dependently associated (Cox P-value < 0.05) with OS, PFS, DSS, and DFI were selected to construct multiple variable Cox proportional hazard models for each survival type. The variables were then ranked by Cox P-value significance. The most significant feature was added to the first model. For example, Model 1 had the most significant feature, Model 2 had the two most significant features, and so on. Third, the training set samples were used to perform 10 runs of 10-fold cross-validation. The rms R package was used to construct a nomogram based on a parametric survival model. Concordance index (C-index) was used to evaluate model performance. The best-performing model was selected on the basis of the average C-index of the 10 runs of 10-fold cross-validation. Fourth, the model was retrained with the entire training set and further tested in the test set to evaluate the model’s performance. The calibration of the nomograms was assessed graphically through bootstrap resampling validation.



Statistical Analysis

Spearman’s rho statistic was used to estimate a rank-based measure of association. The Wilcoxon rank sum test was used for comparisons between two groups. Multiple testing was performed using the Benjamini & Hochberg method to control the FDR. Statistical significance was set at FDR ≤ 0.05. All statistical analyses in this study were performed using R language.




Results


Landscape of the RTK/RAS Pathway SNVs and its Relevance With mRNA Expression in LUAD

The frequency of deleterious SNV in the RTK/RAS pathway in the TCGA LUAD samples was summarized. The results indicated that the deleterious mutation rates of the RTK/RAS pathway genes ranged from 0% to 29.6% (Table S4; Figure 1A). A total of 451 LUAD samples contained at least one mutation in the RTK/RAS pathway (Figure 1B). Of these samples, 393 (87.14%) had at least one mutation among the top 10 mutated genes (Figure 1B). KRAS mutations were detected in 37% of the 393 samples. KRAS (SNV: 29.6%) was the most frequently mutated gene in the RTK/RAS pathway, EGFR (also known as ERBB1, 12.7%), and NF1 (11.5%) followed by KRAS. Downstream of the RTK/RAS pathway, RAC1 was normally encoded without any deleterious SNV.




Figure 1 | Frequency and class of the SNV of the RTK/RAS pathway. (A) Summary of the SNV frequency of the RTK/RAS pathway and the inner relationship within the signaling path. Color is correlated with the frequency of SNV. (B) Summary of the variant type and classification of RTK/RAS pathway genes. (C) Distribution of the SNV of top 10 frequently mutated genes in LUAD samples. (D) Lollipop plot showing the location and count of SNV in the coding region of EGFR and NF1.



The mutation of genes within the RTK/RAS pathway, even within the ERBB, NTRK, RAF, and RAS families, showed heterogeneity. At the pathway level, KRAS, EGFR, and NF1 were exclusively mutated, with only two samples containing both KRAS and EGFR mutations, 16 samples containing KRAS and NF1 mutations, and two samples containing EGFR and NF1 mutations (Figure S1A). At the gene family level, genes within the ERBB (Figure S1B), NTRK (Figure S1B), RAS (Figure S1B), and RAF (Figure S1B) families all showed exclusive mutations. In the ERBB family, for example, the SNV frequencies of ERBB4 (8.5%) and EGFR (12.7%) were higher than those of BRBB2 (1.8%) and BRBB3 (2.1%), and only 9 of 133 samples with ERBB4 and EGFR both mutated (Figure S1B). For RAF and NTRK families, the most frequently mutated genes were BRAF (7.4%) and NTRK3 (7.8%), respectively. These results indicated that lung tumors would avoid the overloading of oncogenic signaling in the same pathway/family in the system through a mutually exclusive mutation mechanism.

The statistics of variant classification (Figure 1C) showed that most of the variants in the RTK/RAS pathway were missense mutations, and the most frequent variant type was single nucleotide polymorphism (SNP). Among the SNPs, the C > G variant was the most common SNV. The SNV types and locations of KRAS were concentrated (Figure S2A), whereas the SNV types and locations of EGFR and NF1 were diverse (Figure 1D), especially for NF1, whose SNV locations were dispersed in its coding region. Interestingly, EGFR carried a high frequency of in-frame deletions (mainly in exon 19), specifically in LUAD (Figure S2B), and EGFR carried missense mutations in exon 21, while these two types of mutations encoded the TyrKc protein domain (Figure 1D).

Additionally, the effect of SNV on mRNA expression was explored (Table S5; Figure S3A). The results showed that the mutations on KRAS, EGFR, and ABL1 were significantly associated with their higher expression levels (Figure S3B). Mutations in NTRK3 and ROS1 were significantly related to their low expression (Figure S3B). An insufficient sample size in the mutant group (e.g., ABL1 and RASA1) might lead to low-level statistical significance.



Summary of CNV of the RTK/RAS Pathway and its Relevance With mRNA Expression in LUAD

Most RTK/RAS pathway genes carried CNV in more than 50% of the LUAD samples (Table S3; Figure 2A). Among the RTK/RAS pathways, heterozygous CNV occurred frequently. However, only EGFR, NTRK1, KRAS, and RIT1 carried homozygous CNV in > 5% of LUAD samples. In addition, the CNV status varied among genes. For example, NTRK1, RIT1, RAC1, EGFR, and ERBB2 were mainly amplified, whereas ROS1, JAK2, FLT3, MAPK, MAP2K1, and MAP2K2 were mainly deleted in LUAD.




Figure 2 | Frequency and class of CNV of the RTK/RAS pathway and its influence on mRNA expression. (A) Summary of the frequency of four CNV types in RTK/RAS pathway genes. Hete.: heterozygous; Homo.: homozygous; Amp.: amplification; Dele.: deletion. (B) Spearman correlation between the CNV and mRNA expression of RTK/RAS pathway genes. Blue and red bubbles represent negative and positive correlations, respectively. Bubble size is positively correlated with the FDR significance. The black outline borders indicate FDR ≤ 0.05. (C) The scatter plot, with a fitted line shows the detailed relationship between mRNA expression and CNV of NTRK1 and RAF1.



mRNA expression is frequently associated with CNV status (14, 15). Gene amplification increases mRNA expression, deletion decreases mRNA expression. Here, we performed correlation analyses between the expression and CNV of RTK/RAS pathway genes in LUAD (Figure 2B). The results showed that the expression levels of 30 of 38 RTK/RAS pathway gene were positively correlated with their CNV level (FDR ≤ 0.05). For example, significantly upregulated genes, such as MET and ERBB2 (Figure S2), were highly amplified and their expression was positively correlated with CNV. Although NTRK1 was amplified in more than 70% of LUAD tumor samples, its mRNA expression was downregulated in LUAD tumor samples (Figure S2). Unsurprisingly, the mRNA expression of NTRK1 was negatively correlated with its CNV level (Figure 2C). Our results suggested a strongly negative regulatory factor to counteract the high frequency of NTRK1 amplification, eventually leading to NTRK1 downregulation.



Differential Methylation of RTK/RAS Pathway and its Correlation With mRNA Expression in LUAD

DNA methylation is an important regulator of gene expression and function (16). We performed differential methylation analysis and found that 26 genes in the RTK/RAS pathway were differentially methylated (Figure 3A, Table S6). Among the 26 genes, RIT1, KIT, and RET were the most hypomethylated genes in LUAD, whereas NTRK1, NTRK3, and FGFR2 were the most hypermethylated genes (Figure 3B).




Figure 3 | Differential methylation of RTK/RAS pathway and its correlation with mRNA expression. The methylation sites used in this analysis were showing in Table S2. (A) Methylation difference between tumors and normal samples. Blue and red bubbles represent a decrease and increase in methylation in tumors compared with that in normal samples, respectively. Bubble size is positively correlated with the FDR significance. (B) Boxplot showing the difference in RET, RIT1, KIT, NTRK1, NTRK3, and FGFR2 methylation between tumors and normal samples. ****FDR < 0.0001. (C) Bubble plot summarizing the Spearman correlation between the methylation and mRNA expression of RTK/RAS pathway genes. Blue and red bubbles represent negative and positive correlations, respectively. Bubble size is positively correlated with the FDR significance. The black outline borders indicate FDR ≤ 0.05. Scatter plot with a fitted line showing the detailed relationship between the mRNA expression and methylation of (D) ERBB3 and (E) ROS1.



To investigate the influence of DNA methylation on mRNA expression, we performed correlation analyses (Figure 3C). The results indicated that the expression levels of 30 RTK/RAS pathway genes, such as ERBB3, were negatively correlated with DNA methylation (Figure 3D). However, the mRNA expression levels of the three genes, namely, ROS1 (Figure 3E), MAPK1, and FGFR1, were weakly and positively correlated with methylation. Combined with the differential expression results (Figure S4), our findings indicated that DNA hypermethylation negatively regulated the mRNA expression levels of FGFR2, FGFR4, ERBB4, and NTRK3. DNA hypomethylation could be a positive regulator of RET and MET expression. Unexpectedly, the mRNA expression levels of the most hypomethylated KIT and hypermethylated NTRK1 were undifferentiated in the tumors.



Survival Relevance of the RTK/RAS Pathway in LUAD

We investigated the survival relevance of genomic changes (Figure 4A; Table S7A). We found that several rarely mutated genes were significantly associated with the rapid death and progression of patients with LUAD. For example, mutant MAPK1 (n=3) was associated with shorter OS (Figure 4B) and PFS (Figure S5A) at 10–20 months than WT; patients who had these mutants progressed and died rapidly. The mutant IGF1R (n=4) showed a similar phenomenon in DFI (Figure S5B). However, the sample size difference was too large between the WT and mutant groups. Thus, we randomly selected a subset sample (2% and 5%) from WT to generate a WT group with a smaller sample size, which was called “mini-WT,” and we performed survival analyses between the mini-WT and mutant groups. This process was repeated 100 times for each sample size (2% and 5%). The results (Table S8; Figure S6A) showed that the survival rate and median survival time of the mutant group were worse than those of the mini-WT group. And average of 87% (Table S8) of these repeats confirmed that patients who suffered from mutations in MAPK1 and IGF1R had worse survival status than WT. The K-M survival curves of several iterations are shown in Figure S6B. In addition, the moderately mutated NTRK3 (n=37) was associated with lower OS and DSS rates and shorter median survival time (Figure S5C). However, highly mutated genes such as EGFR and KRAS were weakly associated with LUAD survival.




Figure 4 | Associations of RTK/RAS pathway mutation with four survival types of LUAD. (A) Summary of the survival results of OS, PFS, DSS, and DFI of the SNV, CNV, methylation, and mRNA expression of RTK/RAS pathway genes. Blue and red points represent the low and higherhigh risks of death for SNV/CNV/high methylation/high expression groups, respectively. For CNV, Amp. vs. WT and Dele. vs. WT were compared, respectively. (B) K–M survival curves showing the OS difference between MAPK1 SNV groups. (C) PFS difference between RASA1 CNV groups. Pair wise comparison was performed, and P value was adjusted by FDR.



We found that the mutation status of the exclusively mutated KRAS and NF1 was associated with PFS and DFI (Figure S7A). Compared with WT, KRAS- or NF1-mutated samples, the co-occurrence of KRAS and NF1 mutations led to worse PFS and DFI (Figure S7B). The KRAS–NF1 co-mutated group had approximately 16 samples, and they were far from the KRAS and WT groups. To avoid contingency, we randomly selected 10% of the samples from the other groups and performed 100 iterations (Figure S7C). The results showed that average of 78% (Table S8) of iterations confirmed that the survival rate and median survival time of the KRAS–NF1 co-mutated group were worse than those of the other mini-groups, including mini-KRAS (Figure S7D) and mini-WT (Figure S7D). This result confirmed that patients who had LUAD and mutated KRAS and NF1 had worse PFS and DFI.

To find the biological interpretation of the phenomenon that KRAS–NF1 co-mutation is relevant to worse survival, we performed functional analysis. KRAS–NF1 co-mutated and WT LUAD samples were selected for differential expression analysis. The results indicated that 138 genes were dysregulated (FDR < 0.05) in KRAS–NF1 co-mutated LUAD samples, including 72 downregulated genes and 66 upregulated genes (Table S9, Figure S8A). Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway gene set enrichment analysis showed that numerous genes in the ribosomal pathway were downregulated (Table S9; Figure S8B), indicating insufficient protein synthesis in patients with KRAS–NF1 co-mutated LUAD. Additionally, the cAMP signaling pathway was associated with extensive intracellular signal transduction. The downregulation of the cAMP signaling pathway (Figure S8B) indicated intracellular signal deactivation in KRAS–NF1 co-mutated patients. The enrichment in the chemical carcinogenesis KEGG pathway (Figure S8B), combined with the enrichment in immune response Gene ontology biological process (Figure S8C), suggested the possibility of environmental factors causing KRAS–NF1 co-mutation. We further focused on changes in the mRNA expression of genes downstream of the RTK/RAS pathway (Figure S8D). Among the 22 RTK/RAS downstream genes (Table S10), only phospholipase A2 group IVB (PLA2G3) was significantly downregulated in patients with KRAS–NF1 co-mutation. Therefore, the effect of KRAS–NF1 co-mutation on the mRNA expression of downstream receptors was minimal.

The overall survival comparison showed that the survival of three CNV groups (WT, amplification, and deletion) of EGFR, ERBB3, FGFR4, IGF1R, NTRK3, RAF1, RASA1, and ROS1 were significantly differed (Table S7B). To investigate the difference in survival between each two groups, we performed a pairwise comparison between the three groups (Figure 4A; Table S7C). The results of the pairwise comparison were consistent with the overall survival comparison (Table S7B), with at least one of these three comparisons (WT vs. Amp., WT vs. Dele., Dele. Vs Amp.) indicating a significant difference in survival. The amplification or deletion of these genes was consistently associated with a higher risk of death except for the oncogene FGFR4 and the tumor suppressor genes ERRFI1 and RASA1 (Figure 4C; Figure S5D). We also found 17 new survival relevancies (Table S7C) in pair wise comparison. For example, the Cox proportional hazard model indicated that the amplifications of ERBB3, RAC1, KRAS, HRAS, and MAP2K1 were related to worse OS than those of WT; the amplification of HRAS, RAC1, and KRAS were associated with worse PFS; the amplification of HRAS and KRAS and the deletion of CBL were relevant to worse DFI; the amplification of ERRFI1 was related to better DFI; and the amplification of ERBB3 was related to worse DSS (Table S7C). The deletion and amplification of RASA1 (Figure 4C; Figure S5D) and FGFR4 (Table S7C) were consistently associated with better survival. For NTRK3, IGF1R, and RAF1, the survival status differed between the amplification and deletion groups (Table S7C). For instance, patients with RAF1 amplification showed a lower DSS survival rate and shorter middle survival time than those with RAF1 WT and deletion did (Figure S5E).

The methylation levels of IGF1R, ERRFI1, and RAC1 were significantly associated with the survival of patients with LUAD (Figure 4A; Table S7D). Among them, the high methylation of IGF1R and EGFR served as a poor prognostic indicator (high risk of death in the high methylation group), whereas the high methylation of ERRFI1 and RAC1 served as a good prognostic predictor (lower risk of death in the high methylation group). Among these genes, EGFR methylation was only relevant to DFI survival, while the others were relevant to more than three types of survival.

mRNA expression is influenced by genomic status. Thus, we checked the survival relevance of the mRNA expression of the RTK/RAS pathway genes. The results indicated that the expression levels of 12 genes were relevant to LUAD survival (Figure 4A), four of which served as poor prognostic predictors (high risk of death in the high expression group), while the others served as good prognostic predictors (lower risk of death in the high expression group). Among these genes, the expression levels of KRAS, RAF1, and JAK2 were associated only with OS, while others were associated with more than two types of survival time.

Combining the survival results of SNV, CNV, methylation, and mRNA expression of the RTK/RAS pathway, we found that only six genes, namely, EGFR, IGF1R, NTRK3, ERRFI1, RAF1, and RAC1, with multiple types of genomic changes were associated with survival were associated with survival (Figure 4A). Among them, the high expression of RAC1 or ERRFI1 was associated with a high risk of death, while high methylation was associated with a lower risk of death. This result was consistent with the negative correlation between the mRNA expression and methylation of RAC1 and ERRFI1.



Relationship Between Mutation and Immune Cell Abundance

The abundance of 24 immune cell types was estimated using ImmuCellAI (13). We analyzed the relationship between the SNV/CNV/methylation of the RTK/RAS pathway genes and the abundance of 24 immune cells (Table S11). At the single gene level, the SNV of the top mutated genes, including EGFR (frequency of SNV: 12.7%), NTRK3 (7.8%), ERBB4 (8.5%), and KRAS (29.6%), were correlated with the abundance of 11, 11, 9, and 7 immune cell types, respectively. The SNVs of RIT1, NTRK1, FGFR4, FGFR1, and ERBB3 were not associated with immune cell abundance (Figure 5A). The increased abundance of exhausted cells was related to SNVs of the 10 RTK/RAS pathway genes (Figure 5A). In addition, the decreased abundance of CD4 T and Tfh cells was associated with the SNVs of eight and six RTK/RAS pathway genes, respectively (Figure 5A). The gene set level analysis also supported that the SNV gene set of the RTK/RAS pathway was associated with the activation of nTregs, neutrophils, and Th17 and the inactivation of gamma delta, MAIT, and Tfh (Figure S9A).




Figure 5 | Correlation between the RTK/RAS pathway mutation and abundance of 24 immune cells in LUAD. (A–C) Heatmaps showing Spearman correlation between 24 immune cells/overall infiltration score of 24 immune cells and the (B) SNV, (C) CNV, and (D) methylation of RTK/RAS pathway genes. The color of each cell is correlated with the fold change or correlation coefficient. The black outline border of each cell indicates P ≤ 0.05.



At the single gene level, the copy number of highly amplified genes, including RIT1 (frequency of amplification: 73%), NTRK1 (72%), and MAP2K2 (53%), were correlated with the greatest number of immune cell types, i.e., 21, 18, and 15, respectively (Figure 5B; Table S11). Among them, the CNVs of RIT1 and NTRK1 were associated with immune cell inhibition, whereas the CNV of MAP2K2 was correlated with immune cell activation (Figure 5B). Moreover, the overall copy number amplification status of the RTK/RAS pathway was associated with high activity of nTregs and low activity of NKT and cytotoxicity. The overall copy number deletion status of the RTK/RAS pathway was associated with the inactivation of macrophages, MAIT, NKT, and NK and the activation of Th17 and CD8 naive cells (Figure S9B).

Correlation analysis between the methylation of RTK/RAS pathway genes and the abundance of 24 immune cell types (Figure 5C; Table S11) showed that KIT, NF1, ERBB3, FGFR3, MET, ERBB2, RIT1, HRAS, KRAS, ERBB4, ALK, RET, ARAF, PTPN11, and IGF1R were positively correlated with immune cells. CBL, ROS1, FLT3, FGFR1, MAP2K1, FGFR2, and PDGFRA were negatively correlated with immune cells.

In summary, the higher the mutation rate of a gene, the closer the relationship between the gene and immune cell abundance. For example, in comparison with other genes, genes with high SNV frequencies, such as EGFR (n=11 immune cell types), NTRK3 (n=11), ERBB4 (n=9), and KRAS; genes with high CNV rates, such as RIT1 and NTRK1; and genes with high methylation differences between tumor and normal tissues, such as KIT, were correlated with the increased immune cell abundance.



Nomogram for Predicting the OS, PFS, DSS, and DFI Probability of LUAD

Immune cell abundance in TME is closely associated with survival (17). To investigate the survival relevance of immune cell abundance, we performed survival analyses to determine the abundance of 24 immune cells in LUAD. The results indicated that the high abundance of monocytes and neutrophils in the TME was associated with a high risk of death, while the high abundance of immune cells such as gamma_delta, CD8_T, and Tr1 was associated with a lower risk of death (Figure S10A; Table S7E). We found that mutations (SNV/CNV/methylation) in RTK/RAS pathway genes were potentially associated with patient survival (OS, PFS, DSS, and DFI) and immune cell abundance in the TME of LUAD. Thus, we integrated the genomic changes in the RTK/RAS pathway and immune cell abundance to construct a nomogram survival model for OS, PFS, DSS, and DFI of patients with LUAD. Although MAPK1 and IGF1R were associated with survival, they were rarely mutated and had limited samples for cross-validation. Thus, the SNVs of MAPK1 and IGF1R were not included in the construction of nomogram survival model.

For each survival type, genomic changes in the RTK/RAS pathway genes and immune cells that passed the univariate Cox proportional hazard analysis (Table S7) were selected to construct multivariate Cox proportional hazard models (Table S12). Then, the features were ranked in terms of Cox P-value significance to construct different nomogram models. Cross-validation was performed to screen features that performed well in predicting survival. The results (Table S13; Figure S10B) indicated that genomic changes in RTK/RAS and immune cell abundance performed well in predicting DSS and OS, but they were barely satisfactory in predicting DFI and PFS. The selected variables for OS, PFS, DSS, and DFI nomogram were Stage+Tr1+RAC1_methy+MAP2K1_cnv+HRAS_cnv+CD4_T, Stage+Tr1+RAC1_methy, EGFR_methy+ERRFI1_cnv+Stage+Gamma_delta+Age, and Stage+RAC1_methy+NTRK3_snv+Tr1+RASA1_cnv, respectively (Table S13; Figure S10B). The nomograms constructed for LUAD DSS (Figure 6A) and OS (Figure 6C) are shown. Tumor stage and RAC1 methylation contributed the most to DSS prediction (Figure 6A), with a wide range of points. The model showed that patients with lower tumor stage, higher RAC1 methylation levels, WT NTRK3, higher Tr cell infiltration in the TME, and RASA1 CNV survived better than other patients with opposite status. The OS nomogram model (Figure 6C) shared the predictors of tumor stage, RAC1 methylation, and Tr cell infiltration of DSS. MAP2K1 CNV, HRAS CNV, and CD4 T cell infiltration were other OS predictors.




Figure 6 | Nomogram for the DSS of LUAD and its performance. (A) Predictive nomogram of DSS for LUAD. The row “Points” correspond to each signature. For example, stage iv got 0 points, while stage i got nearly 90 points. The sum of signatures’ points is the row “Total Points,” which correspond to survival probability. (B) Correspondence between actual and ideal nomogram predictions for 1-, 3-, and 5-year DSS. Nomogram-predicted probability of survival is plotted on the x-axis; actual survival is plotted on the y-axis. (C) Predictive nomogram of OS for LUAD. (D) Correspondence between actual and ideal nomogram predictions for 1-, 3-, and 5-year OS.



The performance of the nomograms was evaluated using the C-index, which indicates the probability that the predicted results are consistent with the actual observed results. The C-indices of the nomogram in the training and test sets were 0.728 (95% CI 0.67–0.785, P < 0.001) and 0.689 (0.603–0.775, P < 0.001) for OS, and 0.771 (0.71–0.832, P < 0.001) and 0.7 (0.589–0.811, P < 0.001) for DSS, respectively. The performances of the nomograms of DSS (Figure 6B) and OS (Figure 6D) were also evaluated using calibration plots. The line segment was close to 45°, indicating good correspondence between the actual and ideal nomogram predictions, especially for 1- and 5-year DSS (Figure 6C) and 3-year OS (Figure 6D).




Discussion

Genomic changes deeply influence molecular processes, leading to cancer development. The disturbance of the RTK/RAS pathway is associated with excessive proliferation (18); however, its association with immune infiltration in the TME and patient survival is only partially known. In this study, we summarized the mutation landscape (SNV, CNV, and DNA methylation) of the RTK/RAS pathway in LUAD, its relevance to mRNA expression, four survival types, and immune cell abundance. Moreover, we integrated the mutation profile of the RTK/RAS pathway, clinical features, and immune cell abundance to construct nomograms for the four survival types. We found that tumor stage, Tr1 infiltration, and RAC1 methylation were important for DSS and OS nomograms.

Rare mutations are functionally important in cancer (19). We found that rarely mutated genes MAPK1 and IGF1R were associated with OS or PFS and DFI, respectively. These results revealed the potential effect of rarely mutated genes on survival. However, because of the low frequency of these mutations, future studies will need more samples to validate the prognostic effect of these rarely somatic mutated genes. Frequently mutated genes are more likely to be driver mutations in cancer initiation and dissemination (20), and they are associated with clinical outcomes. In our study, although the frequently mutated genes among RTK/RAS were not associated with any survival types. And patients with co-mutation of KRAS and NF1 had worse survival, and its underlying mechanism could be insufficient for protein synthesis and intracellular signal deactivation. Moreover, frequently variable genes were involved in immune cell activities, including the SNV of EGFR (frequency of SNV: 12.7%), NTRK3 (7.8%), ERBB4 (8.5%), and KRAS (29.6%); the CNV of RIT1 (frequency of amplification: 73%), NTRK1 (72%), and MAP2K2 (53%); and the methylation of KIT. This phenomenon reminds us of the potential effect of rarely mutated genes on survival prediction and the underlying regulation of frequently mutated genes on immune infiltration in the TME.

Immunity in the TME is closely related to immunotherapy and traditional treatment efficacy and patient prognosis (21–23). We found that the SNVs of NTRK3, ERBB4, ALK, ROS1, and NRAS in the RTK/RAS pathway were associated with a high abundance of exhausted T cells and lower abundance of CD4 T cells in the TME of LUAD. Combined with previous results showing that immune cell infiltration in LUAD is significantly lower than that in normal samples (21), our results indicated that the SNV of RTK/RAS pathway genes in LUAD would lead to CD4 T cell exhaustion and further result in cancer immune evasion.



Conclusion

In summary, we integrated SNV, CNV, methylation, immune cell abundance, and clinical data to present the mutation landscape of the RTK/RAS pathway and its relevance to the four types of survival and immunity of the TME. We revealed two rarely mutated genes as potential prognostic predictors of LUAD. Co-mutation of KRAS and NF1 served as poor survival predictor. They could provide new targets for precision medicine and reveal the potential power of rarely mutated genes in predicting patient survival. Our findings revealed inner associations between genomic changes of RTK/RAS pathway and TME immune infiltration. These associations help elucidate the mechanisms of immune disturbance in the TME and provide the possibility for the combination of targeted therapy and immunotherapy. In addition, the nomograms illustrated the probability for evaluating survival probability in a mutation-immune combination pattern.



Data Availability Statement

The data supporting the results of this study are available from University of California Santa Cruz Xena (http://xena.ucsc.edu/) and GSCA (http://bioinfo.life.hust.edu.cn/GSCA/#/downloadpage)
databases.



Author Contributions

All authors worked collectively to complete this study. X-QY, LX, and MZ designed the study and write the first draft of the manuscript; X-QY, X-HY, Y-QY, and MZ performed the data analysis and result interpretation. LX and MZ reviewed the manuscript and provided suggestions. All authors have read and approved the final manuscript.



Acknowledgments

Thanks for the help, advice, and evaluations provided by reviewers and the developer of GSCA databases, which were helpful for the manuscript improvement.



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2022.924239/full#supplementary-material

Supplementary Table 1 | Methylation sites that analyzed in this study.

Supplementary Table 2 | The sample size of each data type of LUAD in this study.

Supplementary Table 3 | Summary of the CNV of 38 RTK/RAS pathway genes in LUAD.

Supplementary Table 4 | Summary of the SNV of 38 RTK/RAS pathway genes in LUAD.

Supplementary Table 5 | The mRNA expression difference between SNV and WT.

Supplementary Table 6 | The methylation difference between LUAD and normal samples.

Supplementary Table 7 | The result of OS, PFS, DSS, and DFI survival analysis for SNV, CNV, methylation, and immune infiltration.

Supplementary Table 8 | The survival results of 100 iterations in randomly selected WT compared with rare mutated genes.

Supplementary Table 9 | The differential expressed genes in KRAS-NF1 co-mutated LUAD samples, and its pathway enrichment results.

Supplementary Table 10 | 22 RTK/RAS downstream genes.

Supplementary Table 11 | The association of SNV, CNV, and methylation with immune cell abundance.

Supplementary Table 12 | Multivariate Cox Proportional-Hazards models’ result.

Supplementary Table 13 | 10-fold cross validation of nomogram models.



References

1. Siegel, RL, Miller, KD, and Jemal, A. Cancer Statistics, 2017. CA Cancer J Clin (2017) 67:7–30. doi: 10.3322/caac.21387

2. Relli, V, Trerotola, M, Guerra, E, and Alberti, S. Abandoning the Notion of Non-Small Cell Lung Cancer. Trends Mol Med (2019) 25:585–94. doi: 10.1016/j.molmed.2019.04.012

3. Fan, F, Zhu, Z, Gao, C, Liu, Y, Wang, B, Wang, Z, et al. Prognostic Value of lncRNAs in Lung Carcinoma: A Meta-Analysis. Oncotarget (2017) 8:83292–305. doi: 10.18632/oncotarget.21096

4. Zuo, S, Wei, M, Wang, S, Dong, J, and Wei, J. Pan-Cancer Analysis of Immune Cell Infiltration Identifies a Prognostic Immune-Cell Characteristic Score (ICCS) in Lung Adenocarcinoma. Front Immunol (2020) 11:1218. doi: 10.3389/fimmu.2020.01218

5. Sun, S, Guo, W, Wang, Z, Wang, X, Zhang, G, Zhang, H, et al. Development and Validation of an Immune-Related Prognostic Signature in Lung Adenocarcinoma. Cancer Med (2020) 9:5960–75. doi: 10.1002/cam4.3240

6. Skoulidis, F, and Heymach, JV. Co-Occurring Genomic Alterations in non-Small Cell Lung Cancer Biology and Therapy. Nat Rev Cancer (2019) 19:495–509. doi: 10.1038/s41568-019-0179-8

7. Han, S, Wang, P-F, Cai, H-Q, Wan, J-H, Li, S-W, Lin, Z-H, et al. Alterations in the RTK/Ras/PI3K/AKT Pathway Serve as Potential Biomarkers for Immunotherapy Outcome of Diffuse Gliomas. Aging (Albany NY) (2021) 13:15444–58. doi: 10.18632/aging.203102

8. Lee, JW, Zhang, Y, Eoh, KJ, Sharma, R, Sanmamed, MF, Wu, J, et al. The Combination of MEK Inhibitor With Immunomodulatory Antibodies Targeting Programmed Death 1 and Programmed Death Ligand 1 Results in Prolonged Survival in Kras/p53-Driven Lung Cancer. J Thorac Oncol (2019) 14:1046–60. doi: 10.1016/j.jtho.2019.02.004

9. Canon, J, Rex, K, Saiki, AY, Mohr, C, Cooke, K, Bagal, D, et al. The Clinical KRAS(G12C) Inhibitor AMG 510 Drives Anti-Tumour Immunity. Nature (2019) 575:217–23. doi: 10.1038/s41586-019-1694-1

10. Sanchez-Vega, F, Mina, M, Armenia, J, Chatila, WK, Luna, A, La, KC, et al. Oncogenic Signaling Pathways in The Cancer Genome Atlas. Cell (2018) 173:321–37.e10. doi: 10.1016/j.cell.2018.03.035

11. Liu, C-J, Hu, F-F, Xia, M-X, Han, L, Zhang, Q, and Guo, A-Y. GSCALite: A Web Server for Gene Set Cancer Analysis. Bioinformatics (2018) 34:3771–2. doi: 10.1093/bioinformatics/bty411

12. Mermel, CH, Schumacher, SE, Hill, B, Meyerson, ML, Beroukhim, R, and Getz, G. GISTIC2.0 Facilitates Sensitive and Confident Localization of the Targets of Focal Somatic Copy-Number Alteration in Human Cancers. Genome Biol (2011) 12:R41. doi: 10.1186/gb-2011-12-4-r41

13. Miao, Y-R, Zhang, Q, Lei, Q, Luo, M, Xie, G-Y, Wang, H, et al. ImmuCellAI: A Unique Method for Comprehensive T-Cell Subsets Abundance Prediction and its Application in Cancer Immunotherapy. Adv Sci (2020) 7:1902880. doi: 10.1002/advs.201902880

14. Zhao, H, Sun, Q, Li, L, Zhou, J, Zhang, C, Hu, T, et al. High Expression Levels of AGGF1 and MFAP4 Predict Primary Platinum-Based Chemoresistance and are Associated With Adverse Prognosis in Patients With Serous Ovarian Cancer. J Cancer (2019) 10:397–407. doi: 10.7150/jca.28127

15. Tu, Z, Wu, L, Luo, H, Li, J, Lv, S, Ye, M, et al. Systematic and Multi-Omics Prognostic Analysis of Lysine Acetylation Regulators in Glioma. Front Mol Biosci (2021) 8:587516. doi: 10.3389/fmolb.2021.587516

16. Li, Y-M, Liu, Z-Y, Li, Z-C, Wang, J-C, Yu, J-M, Yang, H-J, et al. Alterations of the Immunologic Co-Stimulator B7 and TNFR Families Correlate With Hepatocellular Carcinoma Prognosis and Metastasis by Inactivating Stat3. Int J Mol Sci (2019) 20:156. doi: 10.3390/ijms20010156

17. Denkert, C, von Minckwitz, G, Darb-Esfahani, S, Lederer, B, Heppner, BI, Weber, KE, et al. Tumour-Infiltrating Lymphocytes and Prognosis in Different Subtypes of Breast Cancer: A Pooled Analysis of 3771 Patients Treated With Neoadjuvant Therapy. Lancet Oncol (2018) 19:40–50. doi: 10.1016/S1470-2045(17)30904-X

18. Nussinov, R, Tsai, C-J, and Jang, H. Are Parallel Proliferation Pathways Redundant? Trends Biochem Sci (2020) 45:554–63. doi: 10.1016/j.tibs.2020.03.013

19. Berger, AH, Brooks, AN, Wu, X, Shrestha, Y, Chouinard, C, Piccioni, F, et al. High-Throughput Phenotyping of Lung Cancer Somatic Mutations. Cancer Cell (2016) 30:214–28. doi: 10.1016/j.ccell.2016.06.022

20. Govindan, R, Ding, L, Griffith, M, Subramanian, J, Dees, ND, Kanchi, KL, et al. Genomic Landscape of Non-Small CellL Lung Cancer in Smokers and Never Smokers. Cell (2012) 150:1121–34. doi: 10.1016/j.cell.2012.08.024

21. Hu, F-F, Liu, C-J, Liu, L-L, Zhang, Q, and Guo, A-Y. Expression Profile of Immune Checkpoint Genes and Their Roles in Predicting Immunotherapy Response. Brief Bioinform (2020) 22:bbaa176. doi: 10.1093/bib/bbaa176

22. Galon, J, and Bruni, D. Approaches to Treat Immune Hot, Altered and Cold Tumours With Combination Immunotherapies. Nat Rev Drug Discovery (2019) 18:197–218. doi: 10.1038/s41573-018-0007-y

23. Li, T, Fu, J, Zeng, Z, Cohen, D, Li, J, Chen, Q, et al. TIMER2.0 for Analysis of Tumor-Infiltrating Immune Cells. Nucleic Acids Res (2020) 48:W509–14. doi: 10.1093/nar/gkaa407




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.


Publisher’s Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Yin, Yin, Yu, Xu and Zhang. 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.



Glossary


 




OEBPS/Images/fonc-12-924239-g002.jpg
EGFR  ERBB2  ERBB3  ERBB4 MET  PDGFRA  RET ROST1 ALK JAK2 cBL
FGFR1 ~ FGFR2  FGFR3  FGFR4 KIT IGF1R FLT3 NTRKT ~ NTRK2  NTRK3 ERRFI1
ABL1 s0s1 KRAS HRAS NRAS RITT ‘ NF1
— —
‘ RASA1
PTPN11 | ARAF BRAF RAF1 [l Hete. Amp.
‘ W Homo. Amp.
' ‘ ‘ I Hete. Del.
) v ) B Homo. Del.
RAC1 MAPK1 MAP2K1 — MAP2K2 None
Correlations between CNV and expression
.
. FDR = 1.2¢-05
34 Cor.=-02
2 2
O
bl
X 4]
x
Spearman cor. =
n z
. o
: 0
=1 + 2 o
8 y -1 0 2 4 6
o NTRK1 Expression log2(RSEM)
o FDR
8 0] <=0.05 18]
o >0.05 : FDR =6.4e-57 *
o Cor.=0.63
o .
b2 1.04
o
o
o
o

LUAD

RAF1CNV

11 12
RAF1 Expression log2(RSEM)





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Genomic Landscape of RTK/RAS Pathway and Tumor Immune Infiltration as Prognostic Indicator of Lung Adenocarcinoma

      

        		

          Introduction

        



        		

          Materials and Methods

        

          		

            Data Collection and Processing

          



          		

            RTK/RAS Pathway Gene Collection

          



          		

            Estimation of SNV Frequency for Single Gene and Gene Set

          



          		

            Estimation of CNV Frequency and Gene Set CNV

          



          		

            Differential Methylation and Differential Expression Analysis

          



          		

            Estimation of the Abundance of Immune Cells

          



          		

            Survival Analysis

          



          		

            Construction of Nomograms

          



          		

            Statistical Analysis

          



        



        



        		

          Results

        

          		

            Landscape of the RTK/RAS Pathway SNVs and its Relevance With mRNA Expression in LUAD

          



          		

            Summary of CNV of the RTK/RAS Pathway and its Relevance With mRNA Expression in LUAD

          



          		

            Differential Methylation of RTK/RAS Pathway and its Correlation With mRNA Expression in LUAD

          



          		

            Survival Relevance of the RTK/RAS Pathway in LUAD

          



          		

            Relationship Between Mutation and Immune Cell Abundance

          



          		

            Nomogram for Predicting the OS, PFS, DSS, and DFI Probability of LUAD

          



        



        



        		

          Discussion

        



        		

          Conclusion

        



        		

          Data Availability Statement

        



        		

          Author Contributions

        



        		

          Acknowledgments

        



        		

          Supplementary Material

        



        		

          References

        



        		

          Glossary

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fonc-12-924239-g003.jpg
Methylation difference between tumor and normal

7 O NT%G
dLTB ‘TRKJ Methy. diff(T-N)
IT1 ET l 02
& 104 d? OM FGFR2
5 0.0
=1 RET, = -
‘C—; (@) FGFR1 FGFRQ 0.2
] ERRFI1 EGFR
3 CBL N
I 54 O SOSfSFR (;Egﬁéz ZDI: Oss:gmfu:ance
ERBB3 : O <=0.05
MAP2K100  MASKT wraks A o l >0.05
ARAFO  RAF1~ . OPDGFRA O
20 <=0.0001
ol HRAS IGF1R O
02 00 02 04
: “ Methy. diff(T-N) ‘
B ©g04322429_RET cg08256691_RIT1 cg17854066_KIT
05 E——
3 g?b
3 0.8
=
3
Q
S 069
5
£
2 041
0g11793699_NTRK1 g14384532_NTRK3 cg18566515_FGFR2 z #‘:r;";f'n 2;29
§ P : 0.649 FTTTy = T - ’
© 0.754 0.754
@ 0.4
S 050
g0 0.50 _
2 H
3 : 0.24
= 0.254 ‘: . (A M) 0.254 T
c Nor'mal Tur'nor Norlmal Tur'nor Nor'mal Tur'nor

mRNA expression correlated with methylation

o
©
X

o
@

Spearman cor.
l 1

0
N

N~ TSN~ LUl YTANTCTTTRRAY "0 N NOO -~ TN FDR significance
N XXX wx LxXg X X Lowoandh o) XX UXXOk [y x @
S PESSREEST e25h S8 PRITE0RTESES=0RESE o
S2z S g TeX§ W W < g20= HERCW °l iy
Q o 5
Symbol 0<=0.0001
¢g11835619_ERBB3 0g18258482_ROS1
Cor. =-0.6 Cor. =0.13 .

— FDR = 4e-03 ) 5.

> .

=

L

>

3

@

~0.64

c

H=]

©

£04{

©

=

Methylation (Beta value)
o
(=]

of

5 10
Expression l0g2(RSEM)





OEBPS/Images/fonc.2022.924239_cover.jpg
, frontiers ‘ Frontiers in Oncology

Genomic Landscape of RTK/RAS
Pathway and Tumor Immune
Infiltration as Prognostic Indicator
of Lung Adenocarcinoma





OEBPS/Images/fonc-12-924239-g005.jpg
A

# of immune cells ©
associated with 6
SNV 3

0

Exhausted
CD4_T

Immune cell type

# of immune cells 15
associated with 10
CNV 5

0

MAIT
Tfh

Neutrophil 48
CD4_T

nireg

NKT
InfiltrationScore
NK

Th2

Macrophage
Exhausted
Cytotoxic

Th17
Effector_memory
Th1

Immune cell type

Monocyte
DC

CD8_naive

iTreg
Central_memory
™

CD8_T
Gamma_delta
CD4_naive

Beell

C

. 20

# of immune cells 15
associated with 1q
methylation g

0
InfiltrationScore
CD4_T

Thi7
Macrophage
Neutrophil
NK

Effector_memory
nTreg

iTreg

Tth

Exhausted

Tr1

Th1

Cytotoxic

DC
Central_memory
CD8_T

MAIT
CD8_naive

NKT
Gamma_delta
Beell

Monocyte

Th2

CD4_naive

Immune cell type

|

|II"I|""IIII|||||||
[ [ 1]

(] ]
M

[] B ﬁf [] ] :]E:I ] | JEE ]
g W
| L] L!I=L 0 [m]
(0] | Dl E
[] B0 O |
|
3 od [l
I [
n
!
] ] 8 Bl
T O N T 0 Yo v (Y N Y 4 Y e e e Qe UL ) 0 v e U N v v L
ELRa Lo aE T Yol 2nal <At PR FASE L s
mggmkgom§w¢§<mg<gmsomzmmou.mngmwmm Ly
S50 EHLICT EITEITOL 20 PSR PO Eg"é’

-
1L mu| o .
[m0] I
LEEH b EmmE L 2
u ;EE || W EE
! []jl L ] 0N B
] 0o o =
5] @ 1] W
] B
(m_] [ Lm N
O [ L]
] ASE
NN BED OO
y L:“‘ E IE {1 I 0 #
i 000 g B 8 |
] [ EecleE-| o 0 a |
0l 'mfe =m | |
[0 W g m ]
b:hmqhmmr-wv-w-v-wmwlz?vx:hv-mlu;n:(o U AN S O
e et e f e s SO
& =@ ﬁtﬁg PIXUER & zz“'igzé”@” SR 2

.0255.07.510.012.5
of genes associated
with immune cell

0 5 10 15 20
# of genes associated
with immune cell

0 10 20
# of genes associated
with immune cell

P value

[] <=0.0s

>0.05

log2 (FC)

P value

[ <=005

>0.05

Correlation

N..

0.0

L -02

P value
[ <=0.05
>0.05
Correlation
0.50
l 0.25
0.00
. -0.25





OEBPS/Images/fonc-12-924239-g001.jpg
RTKs

PDGFRA
76%

Altered in 393 (87.14%) of 451 samples.

168
%1

Missense_Mutation  In_Frame_Del
Splice_Site = In_Frame_ins
Nonsense_Mutation = Frame_Shift_Ins
Frame_Shift_Del  ® Multi_Hit

EGFR: [Somatic Mutation Rate: 12.7%]

C

Variant Classificatio

Missense_Mutation [N
Nonsense_Mutation |
Splice_Site ||
In_Frame_Del
Frame_Shift_Del |
In_Frame_ins |
Frame_Shift_ins|

—r—TT
S8 % 8 B

Vznanu r sample
an: 5 £

< W25

S H2

o [ 1

2 ;0

=

2o

8

-

s

Variant Type SNV Class

SNP e I“
INS

oa |
~rTTrTT
c33888

Variant Classificatior
summary

~

0 - -

NF1: [Somatic Mutation Rate: 11.46%)]

»3 NM_005228 LeseR 5 NM_001042492
In_Frame_Del
p.E746_AT50del\__
.
1 v T 0
: RN 1 M 11
U ZDG 4DD BDﬂ Bﬂﬂ 1000 1200 (') 5'00 |zX)D 1;00 2500 2;00 2‘839

« Missense_Mutation » Splice_Site ® Nonsense_Mutation ® Frame_Shift Ins ® Frame_Shift_Del

In_Frame Del





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





OEBPS/Images/utable1.jpg
ABL1 ABL proto-oncogene 1, non-receptor tyrosine kinase

ALK ALK receptor tyrosine kinase

Amp Amplification

ARAF A-Raf protooncogene, serine/threonine kinase
BRAF B-Raf proto-oncogene, serine/threonine kinase
CBL Cbl proto-oncogene

CD4_naive CD4 naive T cells

CD4_T CD4 T cells

CD8_naive CD8 naive T cells

CD8_T CD8 T cells

Central_memory central memory T cells

C-index Concordance index

CNV copy number variation

cytotoxic cytotoxic T cells

Dele. deletion

DFI diseasefree survival

DSS disease-specific survival

effector_memory effector memory T cel | s

EGFR epidermal growth f actor recepto r

ERBB2 erbb2 receptor tyrosine kinase 2

ERBB3 erb-b2 receptor tyrosine kinase 3

ERBB4 erb-b2 receptor tyrosine kinase 4

ERRFI1 ERBB receptor feedback inhibitor 1
exhausted exhausted T cells

FDR false discovery rate

FGFR1 fibroblast growth factor receptor 1

FGFR2 fibroblast growth factor receptor 2

FGFR 3 fibroblast growth factor receptor 3

FGFR 4 fibroblast growth factor receptor 4

FLT3 fms related receptor tyrosine kinase 3
gamma_delta gamma delta T cells

HRAS HRas proto-oncogene GTPase

IGF1R insulin like growth factor 1 receptor

iTregs induced regulatory T cells

JAK2 Janus kinase 2

KIT KIT proto-oncogene, receptor tyrosine kinase
KRAS KRAS proto-oncogene GTPase

LUAD lung adenocarcinoma

MAIT mucosalassociated invariant T cells

MAP2K1 mitogen-activated protein kinase kinase 1
MAP2K2 mitogen-activated protein kinase kinase 2
MAPK1 mitogenactivated protein kinase 1

MET MET proto-oncogene, receptor tyrosine kinase
NF1 neurofibromin 1

NK natural killer cells

NKT natural killer T cells

NRAS NRAS proto-oncogene GTPase

NSCLC Non-small-cell lung cancer

nTregs natural regulatory T cells

NTRK1 neurotrophic receptor tyrosine kinase 1
NTRK2 neurotrophicreceptortyrosinekinase?2
NTRK3 neurotrophic receptor tyrosine kinase 3

os overall survival

PDGFRA platelet derived growth factor receptor alpha
PFS progression-free survival

PLA2GS3 phospholipaseA2grouplVB
PTPN11 proteintyrosine phospha tase non-rec e p tor type 11
RAC1 Rac family small GTPase 1

RAF1 Raf-1 proto-oncogene serine/ threonine kinase
RASA1 RAS p21 protein activator 1

RET ret protooncogene

RIT1 Ras | ike wi thout CAAX 1

ROS1 ROS protooncogene 1 receptor tyrosine kinase
SNP single nucleotide polymorphism

SNV singlenucleotidevariation
SOS1 S O S R as/ Rac guanine nucleotide exchange factor 1
Tth T follicular helper cells

Thi T helper type 1

Th17 T helper type 17

Th2 T helper type 2

TIL tumor-infiltrating lymphocytes

TME tumor microenvironment

Tr1 type 1 regulatory T cells

WT wild type






OEBPS/Images/fonc-12-924239-g006.jpg
@

Actual 1-Year DSS (proportion)

O

Actual 1-Year OS (proportion)

00 02 04 06 08 1.0

00 02 04 06 08 10

Points
Stage

RAC1_methy

NTRK3_snv
Tr1

RASA1_cnv
Total Points

Linear Predictor

1-year DSS Probability
3-year DSS Probability
5-year DSS Probability T

X - resampling optimism added, B=230
Based on observed-predicted
Gray: ideal

n=264 d=65 p=8, 80 subjects per group } %

00 02 04 06 08 1.0

0O 10 20 30 40 S50 60 70 80 90 100

[ S B PP B I B B A S |

v I I i

r PR B e I o ey P
02 03 04 05 06 07 08 09

|
Mutant WT
e g
Low High

| ——— |
WT Amp. Dele.
e e e,

0 50 100 150 200 250 300 350

———r——Tr—T—7T71—

55 6 65 7 75 8 85 9 95
[ s e S e s e
040.50.60.7 0.8 0.9 095

I B B e s |
0.2 0.30.40.50.60.7 0.8 .9

T T T T T T T
0.1 0.20.30405060.7 0.8 019

n=264 d=65 p=8, 80 subjects per group
X - resampling optimism added, B=230
Based on observed-predicted 1

=264 d=65 p=8, 80 subjects per group
X - resampling optimism added, B=230 T
Based on observed-predicted

Gray: ideal - ~

/

00 02 04 06 08 1.0

T T T T
0.0 0.2 0.4 0.6 0.8 1.0
Nomogram-Predicted Probability of

1-Year DSS

(¢
Points

Stage

™
RAC1_methy
MAP2K1_cnv
HRAS_cnv
CD4_T

Total Points

Linear Predictor
1-year OS Probability
3-year OS Probability
5-year OS Probability

n=303 d=107 p=10, 100 subjects per group
X - resampling optimism added, B=230
Based on observed-predicted ) 74
Gray: ideal I

0.0 02 0.4 0.6 08

Nomogram-Predicted Probability of
1-Year OS

1.0

Actual 3-Year DSS (proportion)

Actual 3-Year OS (proportion)

00 02 04 06 08 10

Actual 5-Year DSS (proportion)

T T T T T T T T
0.0 0.2 04 0.6 08 1.0 0.0 0.2 04 0.6 0.8

Nomogram-Predicted Probability of
3-Year DSS 5-Year DSS

0 10 20 30 40 50 60 70 80 90 100

T T 1
vin n 1

e —
Low High

T T T T T T T T T T T T
02 03 04 05 06 07 08 09

Amp. Dele. WT

vy ——

Amp. WT Dele.

Low High
R e et STl
0 50 100 150 200 250 300 350

55 6 65 7 75 8 85 9
04050607 08 09 0.95
02 0304050607 08 09
01 02 0304050607 08

n=303 d=107 p=10, 100 subjects per group
X - resampling optimism added, B=230 T

Based on observed-predicted [ Fs 1

=303 d=107 p=10, 100 subjects per group
X - resampling optimism added, 8230
Based on observed-predicted

Gray: ideal

Gray: ideal

|
I

Actual 5-Year OS (proportion)
00 02 04 06 08 1.0

0.0 02 04 06 0.8 1.0 0.0 0.2 04 0.6 08
Nomogram-Predicted Probability of Nomogram-Predicted Probability of
3-Year OS 5-Year OS

1.0

Nomogram-Predicted Probability of

1.0





OEBPS/Images/fonc-12-924239-g004.jpg
OS probability

PTPNTT [ ARAF BRAF RAF1
° L]
L]
[ ]

OS of MAPK1 SNV in LUAD
1.00

0.75 Logrank P value = 5.3e-06

0.50

0.25

Mutarjt, n=3
0.00

0 50 100 150 200
Time (month)

@ Higher risk of death
@ Lower risk of death
O Not significant .

Methy.Expr

AW WT Dl W wr

C
PFS of RASA1 CNV in LUAD
1.00 Logrank P value = 0.0011
Adjusted
Logrank P Cox P
0.75 WT vs. Amp. 0.012 0.0075
> WT vs. Dele. 0.0036 0.0013
% Dele. Vs, Amp. 0.72 0.71
[
5050{ -
Q
I : Amp., n=85
o 1
1
. 1 Dele., n=211
1 "
1 1"
0100 : WT, n=211
250 0 50 100 150 200 250

Time (month)





