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Editorial on the Research Topic 


Immunotherapy for NSCLC with Oncogenic driver variants


Immune checkpoint inhibitor (ICI) has been recognized as a gold standard treatment for advanced non-small cancer (NSCLC) without driver variants (1). However, the activity of ICIs across NSCLC harboring oncogenic alterations (such as EGFR, ALK, ROS1, or BRAF) is poorly characterized (2). Herein, we set this Research Topic to broadly collect research regarding immunotherapy for advanced NSCLC with oncogenic mutations, expecting to explore the role of immunotherapy (such as ICIs or in combination with other therapies) in these patient populations.

We would like to thank all authors for their contribution to providing further evidence regarding the treatment timing and treatment option with ICIs in the mutation population. Considering the high toxicity and low therapy efficacy of administrating ICIs as the first-line treatment of driver gene-positive NSCLC, the research reported on the Topic mostly focused on the application of ICIs in the ≥ second-line treatment setting (3, 4). What is more, Tian et al. reported that patients who received subsequent ICIs after progression on tyrosine kinase inhibitors (TKIs) achieved a higher quality of survival benefits compared with those who received ICI as later lines treatment. Moreover, Zhai et al. reported the re-sensitization to TKIs after pembrolizumab resistance in a non-smoker patient carrying EGFR 19 deletions (19del) who received previous targeted therapy. In terms of treatment options, the investigators also revealed the encouraging efficacy of ICI-based combination therapy especially in combination with chemotherapy, which was consistent with other studies. The platinum-based chemo-immunotherapy combination provides a greater survival advantage compared with single-agent therapy for patients with EGFR mutation (Tian et al.). In addition to the classical platinum-based chemotherapy, platinum-free chemotherapy combined with ICI is associated with favorable progression-free survival in patients with EGFR-TKI-resistant advanced NSCLC from the retrospective study by Deng et al.

The authors move on to discuss the potential beneficiaries of ICIs therapy and found that the genetic and immunological diversity of the various mutational subtypes may possess different prognostic. Lei et al. indicated that several uncommon EGFR mutation subtypes (such as S768I, T790M, G718A, LL861Q, G719C, and 20ins) had a higher proportion of tumor mutational burden (TMB)-high or strong positive programmed death-ligand 1 (PD-L1) expression than the total EGFR mutation group (Leu858Arg [L858R] and 19del) by analysis of 9649 Chinese patients with primary NSCLC. Besides, a case report from Peng et al. demonstrated that ICIs may be more effective for EGFR L858R mutation than for other EGFR mutant subtypes, which is related to some potential predictors, such as TMB and concurrent PD-L1 plus CD8+tumour-infiltrating lymphocyte (TIL) expression. Meanwhile, patients with EGFR mutations and higher PD-L1 expression are more likely to obtain potential benefits from immunotherapy after TKIs resistance (Zhai et al.). However, an EGFR mutant NSCLC case with high PD-L1 expression showed resistance to chemo-immunotherapy in an “immune-cold” microenvironment (Zhao et al.). Moreover, Dong et al. showed that an ALK-positive NSCLC patient with multiple driving mutations (BRAF, KRAS, PIK3CA), high TMB, PD-L1 overexpression, and CD8+TIL may benefit from nivolumab.

To our knowledge, there are extremely limited data on the use of immunotherapy in populations of other gene aberation compared to EGFR. Therefore, collecting more evidence is necessary to confirm the efficacy of immunotherapy in these populations. The authors published in this “Research Topic” presented some populations containing oncogenic driver variants that benefit and lack of benefit from ICIs or high risk of toxicities or hyper-progression of anti-PD-1/anti-PD-L1 therapy. Zhou et al. performed whole exome sequencing in a cohort of 33 Chinese patients with NSCLC and identified that NSCLC tumors harboring mutated mucin 19 mutation exhibited good responses to anti-PD-1 inhibitors. Besides, Yang et al. demonstrate that endoplasmic reticulum aminopeptidase 2 (ERAP2) was lowly expressed in squamous cell lung carcinoma (SqCLC) and was significantly associated with longer survival. In addition, patients with higher oxidized low density lipoprotein receptor 1(OLR1) expression were predicted to have better immunotherapy outcomes based on Gene Expression Omnibus (GEO) data mining in the study by Liu et al. Moreover, a 5-genomic mutation signature could predict the survival of patients with NSCLC receiving atezolizumab (Lin et al.) and co-occurring alteration of NOTCH and DDR pathways served as a novel predictor to efficacious immunotherapy in NSCLC (Zhang et al.). In contrast to the above-mentioned studies, another study found that high expression of nsulin-like growth factor-I (IGF-1) was closely bound up with the unfavorable overall survival for patients with bladder urothelial carcinoma (BLCA), cholangiocarcinoma (CHOL), and acute myeloid leukemia (LAML) based on Cox regression analysis and Kaplan-Meier survival analysis (Zhang et al.). Besides, Zheng et al. found secretory phosphoprotein 1 (SPP1) expression was higher in patients with EGFR mutation and its high expression was associated with poor prognosis.

In conclusion, setting the “Research Topic” of “Immunotherapy for NSCLC with Oncogenic Driver Variants” to publish relevant research is an extraordinary and timely effort. We have tried to uncover more treatment details on the application of immunotherapy for EGFR-mutant, as well as to report more novel efficacy-related gene aberration that benefit from ICIs or lack of benefit of anti-PD-1/anti-PD-L1 therapy. We truly believe that these efforts will be beneficial for us to build a clearer picture of the role of ICIs for NSCLC with oncogenic driver variants and greatly enhance existing treatment strategies to maximize patient benefit.
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Although anti-PD-1 inhibitors exhibit impressive clinical results in non-small cell lung cancer (NSCLC) cases, a substantial percentage of patients do not respond to this treatment. Moreover, the current recommended biomarkers are not perfect. Therefore, it is essential to discover novel molecular determinants of responses to anti-PD-1 inhibitors. We performed Whole Exome Sequencing (WES) in a cohort of 33 Chinese NSCLC patients. Patients were classified into the durable clinical benefit (DCB) and no durable benefit (NDB) groups. Infiltrating CD8+ cells in the tumor microenvironment (TME) were investigated by immunohistochemistry. We also used public datasets to validate our results. In our cohort, good clinical responses to anti-PD-1 inhibitors were more pronounced in younger patients with lower Eastern Cooperative Oncology Group (ECOG) scores and only extra-pulmonary metastasis. More importantly, we identified a novel MUC19 mutation, which was significantly enriched in DCB patients (P = 0.015), and MUC19-mutated patients had a longer progression-free survival (PFS) (hazard ratio = 0.3, 95% CI 0.1–0.9; P = 0.026). Immunohistochemistry results indicated that the MUC19 mutation was associated with increased infiltration by CD8+ T cells in the TME (P = 0.0313). When combining MUC19 mutation with ECOG scores and intra-pulmonary metastasis status, patients with more positive predictors had longer PFS (P = 0.003). Furthermore, MUC19 mutation was involved in immune responses and associated with a longer PFS in the Memorial Sloan-Kettering Cancer Center (MSKCC) cohort. Collectively, we identified that MUC19 mutations were involved in immune responses, and NSCLC tumors harboring mutated MUC19 exhibited good responses to anti-PD-1 inhibitors.

Keywords: MUC19 mutation, predictive biomarker, whole exome sequencing, immunotherapy, lung cancer


INTRODUCTION

The PD-1/PD-L1 blockade, which reactivates the anti-tumor activity of CD8+ T cells by blocking T cell signals, has dramatically revolutionized the management of non-small cell lung cancer (NSCLC) over the past decade (1). Although treatment with anti-PD-1 inhibitors has demonstrated impressive response rates and durable disease remission (2), only a small subset of patients can benefit from them (3). Currently, anti-PD-1 inhibitors that have been approved or are in clinical research include pembrolizumab, nivolumab, atezolizumab, toripalimab, and sintilimab. Apart from their high efficacy, these drugs also display significant immunotoxicity in clinical practice (4), and the cost is high. Therefore, identifying which patients might most likely derive clinical benefit from PD-1/PD-L1 blockade is an essential challenge to be resolved (5). Thus, effective biomarkers for predicting PD-1/PD-L1 inhibitor efficacy are urgently needed in clinical practice.

PD-L1 expression is the earliest and most widely used predictive biomarker for PD-1/PD-L1 inhibitors (6), but it is limited by the detection technology employed (multiple detection antibodies, instrument platforms, different thresholds for positivity) and histological sources of PD-L1 (immune and tumor cells, primary and metastatic tumor sites, and dynamic changes in PD-L1 after treatment) (7). Consequently, additional biomarkers, including microsatellite instability (8) and tumor mutational burden (TMB) (3), have been evaluated. Recently, TMB has also been approved by the Food and Drug Administration as a new predictive biomarker for patients with unresectable or metastatic solid tumors receiving pembrolizumab (9). Nevertheless, similar to PD-L1 expression, TMB is not perfectly correlated with immunotherapy responses, with only a 30–50% objective response rate for TMB-high patients (10). An increasing number of studies have suggested other potential biomarkers, including somatic mutations in specific genes (11, 12), copy number alterations affecting immune-related genes (13), tumor infiltrating lymphocytes (14), and inflamed gene expression profiles (15, 16). Therefore, identification of additional novel biomarkers or combining different biomarkers with greater predictive values is crucial for stratifying populations potentially benefiting from immunotherapy (17).

In this context, we performed Whole Exome Sequencing (WES) to explore and uncover novel molecular determinants of anti-PD-1 inhibitors. In order to explore the underlying mechanisms, we detected CD8+ T cells by immunohistochemistry. MUC19 mutation was associated with good responses to anti-PD-1 inhibitors. These results were further validated in public datasets, encompassing lung cancer patients receiving immunotherapy with MUC19 mutation data, which further confirmed the association of MUC19 mutation with good efficacy of anti-PD-1 inhibitors.



MATERIALS AND METHODS


Patient Recruitment and Sample Collection

A total of 99 NSCLC patients receiving anti-PD-1 inhibitors at the Department of Respiratory and Critical Care Medicine of the Affiliated Jinling Hospital, Medical School of Nanjing University, between May 19, 2017, and April 26, 2019, were enrolled. Among them, we were able to assess efficacy in 65 patients using Response Evaluation Criteria In Solid Tumors (version.1.1). The clinical benefits of anti-PD-1 inhibitors were defined as durable clinical benefit (DCB: complete response, partial response, or stable disease lasting > 6 months) and no durable clinical benefit (NDB: progression disease or stable disease that lasted ≤ 6 months). Body mass index (BMI) was calculated as weight in kilograms divided by height in meters squared. WES was performed in 33 patients who could be defined as DCB and NDB and had tumor tissue/matched control samples prior to immunotherapy (Figure 1A). The time from the beginning of immunotherapy to the date of disease progression was defined as progression-free survival (PFS). The study was approved by the Ethical Review Committee of the Affiliated Jinling Hospital and all patients had signed informed consent. The clinical characteristics of the 33 patients were presented in Table 1.


[image: Figure 1]
FIGURE 1. Patient flow of our cohort and public datasets. (A) Patient flow of our cohort. (B) Patient flow of public datasets.



Table 1. Baseline clinical characteristics of NSCLC patients in our cohort.
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In addition, we also used public datasets (cBioPortal: https://www.cbioportal.org/, and International Cancer Genome Consortium Data Portal: https://dcc.icgc.org/) to validate our results (Figure 1B). Among them, the Memorial Sloan-Kettering Cancer Center (MSKCC) cohort was used to verify the relationship between MUC19 mutation and response to immune checkpoint inhibitors. Data from the MSKCC cohort (18) were downloaded from the cBioPortal website, which contained WES results of 75 NSCLC patients treated with nivolumab plus ipilimumab.



WES

Tumor tissues/matched control samples were sent to Geneseeq Inc. (Nanjing, China) for WES. The mean target coverage was 150 × for tumor tissue and 60 × for normal controls.



CD8 Immunohistochemistry

Four micrometer-thick paraffin-embedded tissue sections were used for CD8 immunohistochemistry. Tissue sections were stained with monoclonal anti-CD8 antibody (clone C8/144B, 70306S) from Cell Signaling Technology. Lymphocytes with membranous staining were regarded as positive for CD8. All immunohistochemical sections were independently evaluated by two pathologists, and all evaluation scores were recorded. Two pathologists independently counted CD8+ cells and randomly selected 4–6 fields (200 ×) for each immunohistochemical section.



Statistical Analysis

Fisher's exact test or Chi-squared test was used to compare clinical parameters and gene mutation status between DCB and NDB patients. Differences in CD8+ T cells and TMB were examined using the non-parametric Mann-Whitney U test. The Kaplan-Meier method was used to analyze survival [PFS/overall survival (OS)]. Univariate Cox regression analysis was used to define hazard ratios. SPSS v.23.0 and GraphPad Prism v.6 were used for analysis, and P values < 0.05 were considered statistically significant.




RESULTS


Clinical Characteristics of Patients in Our Cohort and MSKCC Cohort

In our cohort, we performed WES in 33 patients who could be defined as DCB and NDB groups and who had tumor tissues/matched control samples prior to immunotherapy. Their clinical characteristics were presented in Table 1. Among them, 18 patients (54.5%) were younger than 65 years, and 25 patients (75.8%) were male. Adenocarcinoma was the most common histology, found in 48.5% of cases, followed by squamous cell carcinoma, found in 45.5% of cases. 42.4% patients had previously received platinum-based chemotherapy, 24.2% patients had previously received TKIs and anti-angiogenesis therapy, and the remaining 33.3% patients had no prior therapy before immunotherapy. The immunotherapy regimens included combination of PD-1 inhibitors and chemotherapy (75.8%), and monotherapy (PD-1 inhibitors, 24.2%). Table 2 showed that good responses were more pronounced in younger patients and those with lower Eastern Cooperative Oncology Group (ECOG) scores, and only extra-pulmonary metastasis. In addition, patients with lower ECOG scores (P = 0.023) (Figure 2A) and only extra-pulmonary metastasis exhibited more prolonged PFS (P = 0.029) (Figure 2B).


Table 2. Associations of anti-PD-1 inhibitor efficacy with clinical characters in our cohort.
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FIGURE 2. Association of clinicopathological characteristics and gene mutation with anti-PD-1 inhibitor responses in our cohort. (A) Kaplan-Meier curves of PFS comparing patients with low performance (PS 0–1) and high performance (PS ≥ 2). (B) Kaplan-Meier curves of PFS comparing patients with or without intra-pulmonary metastasis. LM+, intra-pulmonary metastasis in the presence or absence of other extra-pulmonary metastases; LM-, only extra-pulmonary metastasis. (C) Kaplan-Meier curves of PFS comparing patients with mutant and wild-type MUC19. (D) Kaplan-Meier curves of PFS comparing patients with mutant and wild-type PKD1L2. (E) Effect of MUC19 mutation status combined with performance and intra-pulmonary metastasis status on PFS in our cohort. (F) Histograms depicting proportions of patients who experienced DCB or NDB in different groups, defined by performance status (PS 0–1 or PS ≥ 2), intra-pulmonary metastasis (yes or no), and MUC19 mutation status (mutant or wild-type), as indicated.


In MSKCC cohort, we chose 75 patients who received immunotherapy and who had MUC19 mutation data. Their clinical characteristics are presented in Supplementary Table 1. Among them, 39 (52.0%) patients were younger than 65 years, 37 patients (49.3%) were male, and 16 (21.3%) had squamous cell carcinoma. We also found that a lower ECOG score was significantly correlated with better clinical benefits of anti-PD-1 inhibitor treatment (P = 0.0139).



Association of MUC19 Mutation With Clinical Benefits of Anti-PD-1 Inhibitors and Infiltration of CD8+ T Cells in Our Cohort

To investigate whether individual gene mutations were associated with response or resistance to anti-PD-1 inhibitor treatment, we first focused our analysis on total gene mutations. The top gene mutations in our cohort were shown in Figure 3A; approximately half of the patients harbored a TP53 mutation (57.6%). In addition to TP53 mutations, we also found that the mutation rates of TTN (45.5%) and MUC19 (42.4%) were both > 40%. Other common mutations, involving genes such as EGFR, ERBB2, KRAS, PTEN, and BRAF, were identified in 15.2, 9.1, 9.1, 9.1, and 3% of patients, respectively, and the related percentage was similar to a prior WES study performed in Chinese NSCLC patients (3). We further compared the gene mutations between DCB and NDB patients. Interestingly, we found that there were large differences in high-frequency mutations between the DCB and NDB groups (Figure 3B). Of these, mutations involving MUC19 (P = 0.015) and PKD1L2 (P = 0.017) were significantly enriched in the DCB and NDB groups, respectively. We also found that the mutation rate of PTEN (DCB vs. NDB, 5 vs. 15.3%) and BRAF (DCB vs. NDB, 0 vs. 7.7%) were higher in the NDB group, while KRAS was higher in the DCB group (DCB vs. NDB, 10 vs. 7.7%), which was consistent with previous reports (19), although it did not reach statistical significance, likely owing to small numbers. In addition, we calculated TMB results. Although TMB is a predictive biomarker for the efficacy of immunotherapy recommended by guidelines (9), there were no significant differences involving TMB in our cohort (Supplementary Figure 1).
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FIGURE 3. Summary of molecular features associated with anti-PD-1 inhibitor responses. (A) The top mutation genes revealed by WES are listed. Sample IDs are shown at the bottom. Mutation frequencies are displayed on the left, and gene abbreviations are listed on the right. Icons representing mutation types are listed in different colors (red = frameshift, blue = missense, green = inframe-indel, purple = nonsense, yellow = splice, and orange = others). The top three mutation genes are TP53, TTN, and MUC19 [71.4% (10/14) missense, 21.4% (3/14) inframe-indel, 14.2% (2/14) nonsense, and 7.14% (1/14) splice]. (B) Different high-frequency mutations in patients with DCB (left, blue) and NDB patients (right, red).


We next evaluated the association between gene mutations and patient survival. Of all the patients included, 16 died at the time of data collection. The median PFS for all 33 patients was 9.5 months (95% CI 4.5–14.4) and median OS was 26.2 months (95% CI 11.6–40.7). We examined PFS and gene mutations and found that compared with wild-type patients, MUC19-mutated patients had significantly longer PFS (P = 0.024) (Figure 2C), while PKD1L2-mutated patients had a shorter PFS (P = 0.006) (Figure 2D). In addition, we also discovered that FNDC1, FSIP2, GSE1, KIAA1217, LRRK2, OTOGL, SCN5A, SRRT, and TOPAZ1 gene mutations were potentially poor prognostic factors for immunotherapy (Supplementary Table 2).

According to the above results, PFS was significantly prolonged in patients with lower ECOG scores, only extra-pulmonary metastasis, and MUC19 mutation. Each of these variables is important for predicting sensitivity or resistance to immunotherapy; however, each also has limitations in its ability to explain immune checkpoint inhibitor responses. Combining different biomarkers is crucial in stratifying populations benefiting from immunotherapy (17). Therefore, we combined the above variables to test whether this could lead to improved PFS. Intriguingly, when we combined these variables, patients with more positive predictors had longer PFS (Figure 2E). The combination of the three factors together was best in predicting clinical outcomes (Figure 2F).

In our study, there were 14 patients with MUC19 mutation (Figures 4A,C). Among them, 71.4% (10/14) were missense, 21.4% (3/14) were inframe-indel, 14.2% (2/14) were nonsense, and 7.14% (1/14) were splice; 2 patients had two types of MUC19 mutation. In DCB patients (12 patients), the mutation types were missense, inframe-indel, nonsense and splice; in NDB patients (2 patients), the mutation type was missense. In addition, the MUC19 mutants (E4378K, G2108E, G5360E, G5833_Q5834INS, G6046W, G7489W, G8041D, I3666_S3668DELINS, K3376SFS*12, M7441I, P7380L, P77380L, P7739T, S3679VFS*3, S694F, T5832_G5833INS, V1493T, X6426_SPLICE) had the same mutant frequency. To uncover the underlying reason for MUC19 mutation being associated with clinical benefits of anti-PD-1 inhibitor treatment, we performed CD8 immunohistochemical staining. Compared to MUC19 wild-type patients, MUC19-mutated patients exhibited more infiltration of CD8+ T cells (P = 0.0313) (Figures 5A,B). And patients with higher CD8+ T cells showed a significantly longer PFS (P = 0.00021) (Figure 5C).


[image: Figure 4]
FIGURE 4. Summary of MUC19 mutation and differential mutated genes between our cohort and MSKCC cohort. (A) MUC19 mutation map of 14 patients including 12 DCB and 2 NDB patients. Sample IDs are shown at the bottom, mutation types on the top and mutants on the right. Icons representing mutation types are listed in different colors (blue = missense, green = inframe-indel, purple = nonsense, yellow = splice). (B) Volcano plot displaying differential mutated genes between our cohort and MSKCC cohort. X axis: difference value between gene mutation frequency of our cohort and MSKCC cohort. Y axis: -log10 (pval). Significant events refer to (|difference value| > 0.1 and p < 0.05); compared to our cohort, significantly higher mutation genes in MSKCC cohort are in red, significantly lower in blue, others in gray. (C) Lolliplot of MUC19 mutations.
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FIGURE 5. Association of MUC19 mutation with CD8+ T cell infiltration. (A) Representative images of CD8 staining in MUC19-mutant (left) and wild-type (right) patients. Acquired at × 200 magnification. Scar bar = 100 μm. (B) Manually-counted average CD8+ cells/HPF are shown in the bar. HPF: high-power field. (C) Kaplan-Meier curves of PFS comparing patients with high and low CD8. *P < 0.05.




Association of MUC19 Mutation With Immune Responses and Clinical Benefits of Anti-PD-1 Inhibitors in Public Datasets

MUC19 is located on the long arm of chromosome 12 and encodes a member of the gel-forming mucin protein family which constitute the physical barrier, and protect epithelial cells from stress-induced damage (20, 21). MUC19 is highly expressed in the corneal conjunctiva, lacrimal glands, and gastrointestinal glands, and is also expressed in the subtracheal glands (22). From the GeneCards website (https://www.genecards.org/), we identified that MUC19 was similarly expressed in the lung, bone marrow, lymph node, thymus, and other immune system organs (Supplementary Figure 2A). It has been reported that MUC19 expression is involved in the pathogenesis of Sjogren syndrome and breast cancer; and breast cancer patients with higher MUC19 expression exhibited worse prognosis (23). In addition, MUC19 mutation was found in inflammatory bowel disease, melanoma, colorectal adenocarcinoma, and esophageal squamous cell carcinoma (24–27). At present, what we understand regarding MUC19 is limited, and the role of MUC19 in lung cancer also remains unclear. This is the first study to explore and uncover the role of MUC19 in lung cancer.

Using the cBioPortal website, we downloaded all lung cancer datasets containing MUC19 mutations (Figure 1B). These six studies included a total of 2,323 patients/2,672 samples, which included 1.5% Asian and 98.5% non-Asian populations. The mutation rate of MUC19 was between 2 and 7% (Figure 6A). Surprisingly, from the International Cancer Genome Consortium Data Portal website, we found that the mutation rate of MUC19 was 63.53% in a Korean cohort (LUSC-KR), which was very close to that of our study. However, the MUC19 mutation rate in the LUSC-US and LUAD-US cohorts was < 6% (Figure 6A). The differential mutated genes between eastern (our cohort) and western (MSKCC cohort) people were shown in Figure 4B; compared to our cohort, the significantly higher mutation genes in MSKCC cohort were KRAS, CTNND2, OBSCN, and DYNC2H1, the significantly lower mutation genes were NEFH, MUC19, ZNF141, PTH2, ZNF492, ADAMTSL4, MUC4, HOXB3, MUC5AC and MUC22. Furthermore, we compared the difference of clinical characteristics between MUC19 mutants versus MUC19 wide-type patients in our cohort (Table 3), there were no statistical differences between them. As for the role of MUC19 mutation on OS, we found that wild-type patients presented significantly lower OS compared to MUC19-mutated patients (P = 0.002) (Supplementary Figure 2B).


[image: Figure 6]
FIGURE 6. Association of MUC19 mutation with immune responses and clinical benefits of anti-PD-1 inhibitors in public datasets. (A) Mutation rates identified using different public datasets. The LUSC-KR, LUSC-US, and LUAD-US data sets were downloaded from the International Cancer Genome Consortium website. The TRACERx 2017, MSKCC, Lung squ (TCGA), Lung adeno (TCGA), Lung adeno (TCGA PanCan), Lung squ (TCGA PanCan) were downloaded from the cBioPortal website. (B) Pathway mapper analysis of patients with or without MUC19 mutation using the cBioPortal website. TP53-RB1 signaling pathway was the most frequently altered pathway. (C) Comparison of mutation count between patients with or without MUC19 mutation in TRACERx 2017. (D) Kaplan-Meier curves of PFS comparing patients with mutated and wild-type MUC19 in the MSKCC cohort.



Table 3. Associations of MUC19 mutation status with clinical characters in our cohort.
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We further explored the role of MUC19 mutations in immune responses. Gene Ontology (GO) annotation revealed that the MUC19 gene is involved in innate immune response activating cell surface receptor signaling pathway (GO: 0002220). When using pathway mapper analysis on the cBioPortal website, the TP53-RB1 signaling pathway was the most frequently altered in the MUC19 mutation group compared to the non-mutated group (Figure 6B). According to recent studies, TP53 mutations could have a major impact on the lung tumor microenvironment (TME) and increase sensitivity to anti-PD-1 inhibitors in lung cancer (8). We also analyzed the mutation count in 100 patients/327 samples from another public dataset (TRACERx) through the cBioPortal website (28). MUC19-mutated patients had higher mutation counts than the non-mutated group (P < 0.001) (Figure 6C). It has been suggested that mutation count could reflect the whole exome mutational burden and that the mutation count of certain genes could be used as a new predictive marker to guide immunotherapy for NSCLC patients (29, 30).

More importantly, we validated our results in the MSKCC cohort containing 75 American lung cancer patients receiving immunotherapy and with MUC19 mutation information. Although there was no significant difference, PFS of the MUC19 mutation group was longer than that of the non-mutated patients (19.7 vs. 7.6 months, P = 0.413) (Figure 6D), which was consistent with our results.




DISCUSSION

Although the emergence of immunotherapy has dramatically changed treatment paradigms in NSCLC, only 20% of patients are able to benefit from immunotherapy (3). It is worth noting that some patients might suffer from significant immunotoxicity (4), and a large proportion of patients in China cannot afford them. Considering the low efficacy rate, immunotoxicity, and the drug cost, stratifying patients by specific biomarkers is essential. However, currently recommended biomarkers by National Comprehensive Cancer Network guidelines, such as PD-L1 and TMB, are not perfect biomarkers (31). Therefore, it is essential to discover novel biomarkers that are predictors of immunotherapy responses.

WES is a new method for identifying abnormalities in any gene. Compared to targeted gene panel sequencing, WES can discover abnormalities that have not been previously associated with any disease (32). Therefore, we chose WES to uncover novel gene mutations to identify immune checkpoint inhibitor responders in NSCLC. We identified a novel MUC19 gene mutation from our data. In our study, both tumor tissue samples and matched control samples were tested, and patient matched control samples were used as negative controls. And none of these mutations detected in negative controls are included in our analysis, therefore, MUC19 mutations found in our study are somatic mutations.

To our knowledge, this is the first study characterizing MUC19 in lung cancer. We found that the mutation rate of MUC19 in lung cancer was higher in Asian patients than in non-Asian patients (LUSC-KR 63.53% vs. LUSC-US 5.15%; LUSC-US 5.15% vs. LUAD-US 1.16%). Consistent with other studies (33, 34), we also found the different mutation rate of KRAS influenced by ethnicity in our study (Figure 4B). In addition, environmental factors could also affect gene mutations. Bacterial infection (F. nucleatum and B. fragilis) led to gene mutations (35), tobacco exposure had an effect on intestinal microbiome and could also produce new gene mutations (36, 37). More interestingly, bacterial infection (Streptococcus pneumoniae, nontypeable Haemophilus influenzae) upregulated MUC19 expression (38). Hence, the effect of microbiome and tobacco exposure on MUC19 mutation needs further research.

Remarkably, for the first time, we uncovered a predictive role of MUC19 mutation in NSCLC patients receiving anti-PD-1 inhibitors. We aimed to understand the underlying mechanism behind this phenomenon. First, we detected infiltration of CD8+ T cells in the TME. We found an association of MUC19 mutation with more CD8+ T cells (Figure 7), which suggests a “hot” TME (39). Second, we searched public datasets to uncover the inner connections and causality of MUC19 mutations with immune responses. Both GO annotation and cBioPortal pathway mapper analysis indicated the involvement of MUC19 mutation in immune responses. Lastly, but most importantly, we validated our results in the MSKCC cohort. Compared to wild-type patients, MUC19-mutated patients showed a trend for increased PFS, although this was not statistically significant, likely owing to the small number of patients studied. The MSKCC group is an American cohort, so the mutation rate was relatively low in this cohort. Therefore, it was difficult to observe a predictive role for MUC19 mutations in this cohort. In the future, larger studies are needed to validate our results, especially in Asian patients. In addition to MUC19 mutation, we also found that gene mutations such as those involving PKD1L2 and OTOGL were poor prognostic factors for immunotherapy. Considering the low numbers of mutation-positive patients, we did not analyze the related information in public datasets. Additional studies are needed to confirm these results.


[image: Figure 7]
FIGURE 7. Proposed role of MUC19 mutation in predicting clinical benefits of immunotherapy. MUC19-mutated NSCLC patients are associated with more infiltration of CD8+ T cells and higher mutation count, therefore, they are more likely to be responders to immunotherapy.


Although TMB is recommended by the Food and Drug Administration as a new predictive biomarker for patients with unresectable or metastatic solid tumors receiving pembrolizumab, new KETNOTE021 data showed no association of TMB with the efficacy of pembrolizumab plus carboplatin and pemetrexed (40). In our cohort, 75.8% of patients received a combination of immunotherapy and chemotherapy. Therefore, it is not difficult to understand that there were no differences between the two groups.

Taken together, the originality of our work relies on the fact that we uncovered a novel role of MUC19 mutation in predicting the efficacy of anti-PD-1 inhibitors. Furthermore, we analyzed the association of MUC19 status with infiltration by CD8+ T cells in the TME. As the sample size in our study was small and represented only a single center investigation, we validated our results using public datasets. Although not perfect, we have discovered potential influencing factors surrounding the clinical benefits of anti-PD-1 inhibitors. Future studies should aim to characterize the role of MUC19 mutation in mediating cancer immune responses, and large-scale prospective studies will be required to validate our results.
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Non-small cell lung cancer (NSCLC) is the most common type of lung cancer. The tumor immune microenvironment (TME) in NSCLC is closely correlated to tumor initiation, progression, and prognosis. TME failure impedes the generation of an effective antitumor immune response. In this study, we attempted to explore TME and identify a potential biomarker for NSCLC immunotherapy. 48 potential immune-related genes were identified from 11 eligible Gene Expression Omnibus (GEO) data sets. We applied the CIBERSORT computational approach to quantify bulk gene expression profiles and thereby infer the proportions of 22 subsets of tumor-infiltrating immune cells (TICs); 16 kinds of TICs showed differential distributions between the tumor and control tissue samples. Multiple linear regression analysis was used to determine the correlation between TICs and 48 potential immune-related genes. Nine differential immune-related genes showed statistical significance. We analyzed the influence of nine differential immune-related genes on NSCLC immunotherapy, and OLR1 exhibited the strongest correlation with four well-recognized biomarkers (PD-L1, CD8A, GZMB, and NOS2) of immunotherapy. Differential expression of OLR1 showed its considerable potential to divide TICs distribution, as determined by non-linear dimensionality reduction analysis. In immunotherapy prediction analysis with the comparatively reliable tool TIDE, patients with higher OLR1 expression were predicted to have better immunotherapy outcomes, and OLR1 expression was potentially highly correlated with PD-L1 expression, the average of CD8A and CD8B, IFNG, and Merck18 expression, T cell dysfunction and exclusion potential, and other significant immunotherapy predictors. These findings contribute to the current understanding of TME with immunotherapy. OLR1 also shows potential as a predictor or a regulator in NSCLC immunotherapy.
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Introduction

Lung cancer is one of the most commonly occurring malignancies and is identified as leading cause of cancer-related deaths worldwide. Statistics on cancer reveal that in 2018, more than 2 million patients suffered from lung cancer worldwide, and lung cancer ranked first among all cancer types (1). In China, lung cancer has shown the highest incidence and mortality over the last decade and posed a significant threat to human health (2). Lung cancer comprises nearly 20% of all cancer deaths and its mortality may increase by approximately 40% by 2030 (3). Lung cancer has been subdivided based on pathological classification into two groups: small-cell lung cancer (SCLC) and Non-small cell lung cancer (NSCLC). NSCLC is further stratified into three subsets: adenocarcinoma (the most common type, which comprises 40% of all lung cancer types), squamous cell carcinoma (25%) and large cell carcinoma (about 10%) (4). 75% of NSCLC is diagnosed at the advanced stage, resulting in a five-year survival rate of less than 15% (5). In addition to surgery and chemoradiotherapy, immunotherapy shows promising potential in treatment of NSCLC.

Programmed death-1 (PD-1) and its ligand (PD-L1) antibody based Immunotherapies have recently shown significant advances in the treatment of NSCLC through enhancing the attack of the host immune system on malignant cells (6). However, a number of patients still fail to benefit from these immunotherapies possibly because of tumor immune microenvironment (TME) alterations (7). The tumor microenvironment includes cross-talks among cancer cells, endothelial cells, fibroblasts and immune cells. Previous studies have shown the potential associations between the microenvironment and the effects of immunotherapy (8). The tumor microenvironment presents physical, immunologic, and metabolic barriers to enduring immunotherapy responses, and the suppressive microenvironment of tumors remains one of the limiting factors for immunotherapies. In this study, we screened those genes that enriched in tumor tissue and closely related to the immune microenvironment in NSCLC. Targeting PD-L1, one of the most representative immunotherapy strategies, was studied in relation to the screened microenvironment genes. The response prediction markers of PD-L1 were used as standard and to study the predictive value of each gene as biomarker for host tumor immunity in NSCLC. We aimed to find a highly predictive PD-L1 blockade therapy biomarker for clinical use, or the potential targeting genes, to change the tumor microenvironment for enhanced immunotherapy effects.



Materials and Methods


Raw Data

Eligible data sets in GEO were selected according to the following criteria and 11 data sets were obtained as of May 2020 (including 268 cases of control samples, 601 cases of lung tumor samples) (9–18). Data sets details are listed in Table 1. The selection criteria are as follows: definite diagnosis with NSCLC; inclusion of control samples in the same data set; samples without any treatment before sequencing; gene expression data based on the Affymetrix platform. After normalization of mRNA data with the limma algorithm in R language, all data sets were merged into a new data set for downstream analysis.


Table 1 | The detail of datasets using in this study.





Identification and Analysis of DEGs

Data were analyzed using the limma package in the R language. Details on cutoffs were as follows: Fold change>1 or <−1, and adj. P <0.05. Heatmaps and volcano plots were generated using the limma package and pheatmap respectively. Gene ontology (Go) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses with “clusterProfiler” and “org.Hs.eg.db” (the same as below) were performed in R.



Identification of Potential Immune-Related Genes and Analysis

In this study, the algorithm ESTIMATE outputs stromal, immune, and ESTIMATE scores by performing “limma” and “estimate” with merged data sets after normalization (19). The cutoffs for high or low scores were 50% higher or lower. The Venn diagram was drawn with the package “VennDiagram” and an online tool from the Bioinformatics & Systems Biology website. The intersection set of the results of the ESTIMATE scores were considered as control intersection genes and tumor intersect genes off the up-regulated and down-regulated genes respectively. In the subsequent step, the consistently intersecting set was excluded from those tumor intersect genes, and the remaining genes were considered as tumor specific intersect genes. The intersection set of the tumor specific intersect genes and DEGs were identified as potential immune-related genes and used for further analysis.



Identification of Statistically TICs

The normalized data set was employed to estimate the TICs abundance profile by using the CIBERSORT computational method on all control and tumor samples (20). The resulting data set was filtered with a self-compiled script in Perl to exclude invalid data (detail of filtered data set is listed in Table 1). The landscape of TICs is shown in a barplot. A heatmap was generated with “pheatmap,” and a correlation heatmap was generated using “corrplot.” As the filtered data were subjected to a normality test based on skewness and kurtosis rather than its fit in a normal distribution, non-parametric tests were used. For the number of TICs in the control and tumor samples, the differential distributions were analyzed using the Wilcoxon rank-sum test.



Multiple Linear Regression Analysis for Identifying Differential Immune-Related Genes From Potential Immune-Related Genes

The filtered data were used to analyze the effect of gene expression on the TICs distribution. A total of 16 TICs with different distributions were entered as dependent variable and potential immune-related genes entered as independent variables. Predictive factor analysis for TICs distribution was conducted via least-squares regression. With both accuracy and computational efficiency considered, adjusted P< 0.1 was considered significant in this part. We selected the significantly ones from 48 potential immune-related genes and identified those exhibiting the opposite regression trend in different tissue samples. Those selected genes would be labeled as differential immune-related genes.



Gene Set Enrichment Analysis With Differential Immune-Related Genes

Gene set enrichment analysis (GSEA) was conducted on all differential immune-related genes on the GSEA portal (http://www.broad.mit.edu/GSEA/) with the following parameter settings: probe set collapse = false; phenotype = high vs. low; permutation: sample, permutations = 1000. The gene set size was 15 < n < 500. We manually discriminated pathways of interest in immune related pathways, microenvironment and metabolic pathways, and classic cancer pathways. The GSEA results were separately shown based on the pathway function.



Non-Linear Dimensionality Reduction

In this study, we selected one differential immune-related gene that is most stable and highly correlated with other well-recognized immunotherapy signatures to perform downstream analysis, which was OLR1 (oxidized low density lipoprotein receptor 1). We determined whether OLR1 was a key gene for the microenvironment and could be a biomarker for immunotherapy. We first analyzed the influence of OLR1 expression to divide the differential immune microenvironment with non-linear dimensionality reduction. We used t-distributed stochastic neighbor embedding (t-SNE) to complete the dimensionality reduction. T-SNE, a non-linear dimensionality reduction technique, is particularly suitable for visualizing high-dimensional data sets. We reduced the dimensionality to two dimensions to reveal the significant difference between the 50% higher OLR1 expression tissue samples and the 50% lower OLR expression tissue samples. The T-SNE plot was completed using the R package “t-SNE.”



Prediction of Benefits to Immune Checkpoint Blockade Therapy

We used TIDE, an online prediction tool to predict the responder rate in the samples with higher or lower OLR1 expression under immune checkpoint blockade therapy. TIDE is a novel computational framework that evaluates the potential of tumor immune escape, particularly for melanoma and NSCLC, on the basis of gene expression data (21). Owing to tool limitations, only the top or bottom 50 cases of OLR expression data were selected from the 284 samples. The result was reorganized into a figure with improved readability. We collected predictive indicators and calculated them to explore the details of the predicated therapeutic effect.



Cell Culture

We used BEAS-2B (human normal lung epithelial cell, Cat. 3131C0001000200027), NCI-H460 (human large cell lung cancer cell, Cat. 3111C0001CCC000355), PLA-801D (lung giant cell carcinoma cell, Cat. 3142C0001000000356), A549 (human non-small cell lung cancer cell, Cat. 3111C0001CCC000002), HCC827 (human non-small cell lung cancer cell, Cat. 3111C0001CCC000478), NCI-H1299 (human non-small cell lung cancer cell, Cat. 3111C0001CCC000469), and NCI-H661 (human large cell lung cancer cell, Cat. 3111C0001CCC000357) to detect the basic expression of OLR1 in lung normal and tumor cell lines for verification of data mining results. They were purchased from Chinese National Infrastructure of Cell Line Resource and cultured in PRMI-1640 medium with 10% FBS.



qPCR

RNA was isolated with TRIzol® reagent (Cat.15596018, Thermo Fisher). Reverse-transcription of the RNA was performed with EasyScript First-Strand cDNA Synthesis SuperMix Kit (Cat. AE301-03, TransGen Biotech). The qPCR assay was performed in triplicate with PowerUp SYBE Green Master Mix Kit (Cat.A25741, Applied Biosystems) on an ABI StepOnePlus Real-time PCR system (ABI-7500, Applied Biosystems). The qPCR primer was following: OLR1-F:5′-ACTCTCCATGGTGGTGCCTGG-3′; OLR1-R:5′-GCTTGTTGCCGGGCTGAGATCT-3′; GAPDH-F:5′-GGACTCATGACCACAGTCCATGCC-3′; GAPDH-R:5′-TCAGGGATGACCTTGCCCACAG-3′.



Statistical Methods

Microarray data analysis was performed using the R programming language. The normality of data distributions was assessed using the Shapiro-Wilk test. Data that were nor normally distributed were compared using the Wilcoxon rank-sum test run with GraphPad Prism. Multivariate analysis was performed using multiple linear regression in Eviews. P value < 0.05 was considered significant.




Results


613 Differentially Expressed Genes Were Identified in 11 Data Sets

For this study, 11 data sets were selected based on our screening criteria (Table 1). After the data sets were merged and normalized, 601 NSCLC samples and 268 control samples were included. We defined statistical differential significance as P < 0.05 and fold change >10 between the tumor and control samples. A total of 613 differentially expressed genes (DEGs) were identified from 869 samples with 12596 gene expression data. Their gene symbols are listed based on their respective logFC (base 2 logarithm of fold change) values (Supplementary Table 1). The results revealed that 200 of the DEGs were highly expressed, whereas the remaining 413 DEGs were down-regulated in tumor tissues (Figures 1A, B). GO and KEGG pathway enrichment analyses of up-regulated or down-regulated DEGs were implemented separately. The up-regulated DEGs were enriched in the extracellular matrix structural constituent, glycosaminoglycan binding and growth factor binding (Supplementary Table 2 and Figure 1C). The corresponding signaling pathways were the most enriched (Supplementary Table 3 and Figure 1D). The down-regulated DEGs mainly involved the cytokine-cytokine receptor interaction, transcriptional miss-regulation in cancer, and cell cycle, as well as corresponding gene functions (Figures 1E, F).




Figure 1 | 613 DEGs were identified in 11 datasets. (A) Heatmap showed the expression of genes between the tumor and control tissue samples; (B) Scatterplot showed the higher or lower DEGs between the tumor and control tissue samples; (C) The Go analyses of higher DEGs; (D) The KEGG analyses of higher DEGs; (E) The Go analyses of lower DEGs; (F) The KEGG analyses of lower DEGs.





166 Tumor-Specific Intersect Genes Were Identified Using ESTIMATE Scores, With 48 of Them Identified as Potential Immune-Related Genes by the Intersection With DEGs

ESTIMATE scores were calculated based on immune and stromal scores. We calculated the immune and stromal scores in the tumor and control samples, respectively. The samples were divided into the high-score and low-score groups by the median value of the immune score (or stromal score). For the immune score, 1,457 (1,276) and 359 (31) up-regulated (down-regulated) immune scores genes were identified in the control and tumor samples, respectively. For the stromal score, 461 (203) and 351 (30) up-regulated (down-regulated) genes were identified in the control and tumor samples, respectively (Figure 2A). The intersection represented the genes with the same trends of up-regulation or down-regulation of immune or stromal score genes in the tumor and control samples. In the control samples, we identified 342 up-regulated immune score genes and 197 down-regulated stromal score genes. Meanwhile, 211 up-regulation immune score genes and 17 down-regulated stromal score genes were found in the tumor samples (Figure 2A). A total of 553 up-regulated genes and 214 down-regulated genes were identified in the tumor and control samples  (Figure 2B). They were regarded as important factors for ESTIMATE scores. Subsequently, 60 up-regulated and two down-regulated genes were duplicates, exhibiting a similar trend of immune or stromal score genes were similar in the tumor and control samples  (Figure 2B). A concerning finding of this study is that 151 up-regulated and 15 down-regulated ESTIMATE score genes were specifically expressed in the tumor samples (Supplementary Table 4 and Figure 2B with *). Thus, the 166 tumor specific intersect genes were selected for GO enrichment and KEGG pathway analysis. They were enriched in pathways including, immune receptor activity, chemokine activity and receptor binding, receptor ligand activity, glycosaminoglycan binding, phagosome, and lgA immune network (Supplementary Tables 5 and 6, Figures 2C–F). We then found the intersection of 166 tumor specific intersect genes and 613 DEGs and identified 48 intersected genes (Supplementary Table 7 and Figure 2G).The 48 genes were identified as potential immune-related genes. Potential immune-related genes have significant differences in expression and specific immune effects in the tumor samples.




Figure 2 | 166 tumor-special intersect genes were identified and 48 of them identified as potential immune-related genes. (A) 461 (203) and 351 (30) up-regulated (down-regulated) genes were identified using ESTIMATE in the control and tumor samples. ※ mean this part would be used in following step; (B) 151 up-regulated and 15 down-regulated ESTIMATE score genes (total 166 tumor-special intersect genes) were specifically expressed in the tumor samples; (C) The Go analyses of 151 up-regulated tumor-special intersect genes; (D) The KEGG analyses of 151 up-regulated tumor-special intersect genes; (E). The Go analyses of 15 down-regulated tumor-special intersect genes; (F) The KEGG analyses of 15 down-regulated tumor-special intersect genes; (G) 48 intersected genes, referred to potential immune-related genes, were identified between 613 DEGs and 166 tumor-special intersect genes.





16 Kinds of TICs Showed Differences in Distribution Between the Tumor and Control Samples

The proportion of tumor-infiltrating immune subsets was analyzed using CIBERSORT in R. A total of 22 TICs profile types in the tumor and control samples were to be constructed. A landscape is presented for preliminary subjective judgment of TICs distributions (Supplementary Figure 1). We found that TICs distribution varied based on the kind of TICs. Some of TICs had more immune cells in tumor tissues, whereas others showed the opposite (Figure 3A). No significant correlation was found between them with regard to numerical values in both the tumor samples and the control samples (Figure 3B). The Mann-Whitney rank-sum test was used to calculate differences in TICs distribution. A significant difference in the distribution of 16 kinds of TICs was found between the tumor and control samples (Supplementary Table 8 and Figures 3C–R).




Figure 3 | Different distribution of TICs between the tumor and control tissue samples. (A) Heatmap showed the distribution state in tumor and control tissue samples; (B) The correlation among TICs in the tumor and control tissue samples; (C–R) 16 TICs which showed significant difference in the distribution between the tumor and control tissue samples.





9 Differentially Expressed Immune-Related Genes Showed Opposite Statistically Significant Regression Trends of TICs Distribution Between the Tumor and Control Samples

We used multiple linear regression with the least square method to calculate the most important genes from 48 potential immune-related genes for differential the distribution of TICs. The control and tumor samples were separated as independent data sets. For an enhanced screen effect, P<0.1 was the level of significance selected. A total of 24 intersected genes were statistically significant both in the tumor and control samples; 16 of these genes showed similar regression trends for some kinds of TICs in both samples (Supplementary Table 9), and 9 other genes exhibited the opposite regression trend in different tissue samples (Supplementary Table 10). OLR1 showed the same regression trend for resting natural killer (NK) cells and eosinophils; however, it exhibited the opposite regression trend for resting mast cell. Thus, OLR1 was counted separately. The genes showing opposite regression trends between the tumor and control samples were referred to as differential immune-related genes in accordance with the purpose of the study. Subsequently, 9 differential immune-related genes were identified: ADH1B, CHRDL1, DMBT1, MMP, OLR1, PBK, PLA2G1B, SCGB3A1, and TREM1. The potential functions of these genes were analyzed by GSEA. We classified some important pathways into three categories, based on their function for clarity. Some pathways could be activated/repressed by each of the 9 differential immune-related genes (Figure 4).




Figure 4 | Some pathways could be activated or repressed by each of the 9 differential immune-related genes.





OLR1, One of the Differential Immune-Related Genes, Showed Significant Correlations With Four Known Immunotherapy Biomarkers

Since the data were from 11 data sets merged with different platforms, and some data were lost during merging, we selected only 4 well-recognized biomarkers in the data set with gene expression data: PD-L1, CD8A, GZMB, and NOS2. To reduce potential bias and achieve improved effectiveness, we used only part of the data for downstream analysis. The 284 tumor samples in GSE101929 and GSE30219 with clinical data were used to calculate separately the correlation between 9 differential immune-related genes and 4 known biomarkers. Consequently, OLR1 exhibited the highest correlation with PD-L1, CD8A, GZMB, and NOS2 (Supplementary Table 11 and Figures 5A–D), and each correlation was significant (r>0.4, P<0.0001, moderate intensity). Chi-square test was used to detect whether different expression level of known biomarker was followed by changing of OLR1 expression level. We can found more positive expression for immunotherapy in higher OLR1 group patients (Supplementary Table 12). This result suggests the important role of OLR1 in the TME with a changing TICs distribution for immunotherapy prediction.




Figure 5 | OLR1 showed moderately strong correlations with 4 known immunotherapy biomarkers and its expression marked the TICs distribution. (A–D) OLR1 exhibited the highest correlation with PD-L1, CD8A, GZMB, and NOS2; (E) OLR1 expression could divide overall status of TICs distribution; (F) Violin plot showed the ratio differentiation of 22 kinds of TICs between higher 50% OLR1 expression tumor samples and lower 50% OLR1 expression tumor samples.





OLR1 Expression Marked the TICs Distribution

We ran t-SNE to determine the overall distribution of TICs with different levels of OLR1 expression. The OLR1 expression could effectively distinguish the distribution of immune cells (Figure 5E). A violin plot of 22 immune cell types shows 14 kinds of immune cells with significantly different distributions between the higher and lower OLR1 expression samples (Figure 5F).



OLR1 Affected the Prediction of Clinical Benefits to Immunotherapy in NSCLC Patients

We selected the 50 samples with the highest or lowest OLR1 expression levels from the 284 tumor samples and predicted the responder rate of the immune checkpoint blockade therapy in each group. Among the 50 samples with the lowest OLR1 expression levels, 16 cases were predicted to respond to immune checkpoint blockade therapy. They were also predicted to benefit from immunotherapy. The responder number was 27 in the top 50 OLR1 expression samples. The responder rate was significantly higher in the high OLR1 expression group (Figure 6A). We also calculated all indicators of TIDE prediction. OLR1 expression and MSI score exhibited a significant positive correlation. The T cell exclusion potential of the tumor was predicted to be negatively correlated with OLR1 expression. Specifically, a strong positive correlation (r>0.7) was observed between OLR1 expression and the T cell-inflamed signature (Merck18), the average of CD8A and CD8B, both of which were important indicators of immunotherapy (Supplementary Table 13 and Figures 6B–E).




Figure 6 | OLR1 may affect the clinical benefits to immunotherapy in NSCLC patients. (A) The comparison of responder number in top or bottom OLR1 expression samples. (B–E) OLR1 has strong positive correlation with some indicators of TIDE prediction.





Verification of OLR1 Expression in Lung Normal and Tumor Cell Lines

BEAS-2B was human normal lung epithelial cell. It was used as control cell line comparison with other NSCLC cell lines. The result of qPCR analysis showed a significant reduction in the expression of OLR1 in the most NSCLC cell lines (Figure 7). The validation result of cell lines had the same trend as data mining in OLR1 expression.




Figure 7 | The basic expression level of OLR1 in normal and part NSCLC cell lines.






Discussion

In the current study based on GEO data mining, we identified NSCLC microenvironment-related key genes, which show potential as biomarkers for immunotherapy. During the analysis, significant expressions of DEGs were identified between the control and tumor tissue samples; meanwhile, tumor-specific intersect genes also showed significant difference between the immune and stromal components of the tumor samples; further intersection of DEGs and tumor-specific intersect genes identified potential immune-related genes, both of which were considered different gene expression and significantly affected the ESTIMATE TME scores; finally differential immune-related genes exhibited a significant and opposite correlation with the differential distribution of TICs between the tumor and control samples. OLR1 was considered as a novel potential predictor to immunotherapy of NSCLC.

DEG analysis has been demonstrated as a canonical way to identify novel biomarker genes or novel therapeutic target genes between the normal and tumor samples. In this study, DEG acted as a signature of potential immune-related factors. The screening accuracy of DEGs may be improved using two methods (22). A large sample is expected to improve the screening yield, and analysis with perspective-taking may help improve accuracy based on multiple bioinformatics methods. Other studies randomly chose data sets; in this study, we filtered all GEO data sets by using the selection criteria (see Methods), ultimately including 11 data sets in our analysis cohort. There were 601 tumor samples and 268 control samples across 7 countries and 11 research groups. As our selection criteria, all the 11 data sets should include tumor and normal tissue data for better comparability and higher quality of homogenization data. All data sets were also based on the Affymetrix platform for less data loss in the normalization process. A total of 613 DEGs were identified based on the mRNA array data. These results may be representative and provide an insight in the differences in gene expression in NSCLC. The 613 DEGs were the limited scope for screening in downstream analysis.

The TME is rather complex and largely varies from the microenvironment of normal tissue (7). The TME has been implicated in cancer initiation, development, and treatment resistance. Except for cancer cells, the stromal tumor microenvironment consists of stromal cells and immune cells. The immune cells include T cells, B cells, NK cells, and so on. Stromal cells are the main non-tumor components of the tumor microenvironment (23). Thus, the ESTIMATE algorithm consists of a non-immune “stromal score” parameter and an “immune score” parameter. In this study, the immune and stromal scores, which were determined using ESTIMATE, were used to analyze the infiltration levels of the immune and stromal cells in the tumor and control samples. We focused on genes that specifically regulated the stromal and immune cells in the tumor samples, referred to as the tumor specific intersect gene. We found 166 tumor specific intersect genes in our cohort. They may exhibit cancer-specific effects and show potential to highly regulate the development of the TME in the tumor tissue samples. To determine the type of tumor specific intersect genes with the potential to regulate and control expression; thus the intersecting of the tumor specific intersect genes and DEGs was identified as potential immune-related genes.

Immune cells in TME are the most important defense to eliminate damaged or cancerous cells (23). An established view is that the spatial distribution and the location of immune cells are critical in the immune-oncology field (24). In this study, we tried to identify the differential distributions of immune cells, particularly for TICs. CIBERSORT estimate the abundances of cell types in a mixed cell population based on gene expression data. The CIBERSORT method identified 16 kinds of TICs in our cohort, which were significantly different between the tumor and control samples and not correlated among them. They may each play an independent role in the tumor environment. We explored the correlation between the TICs and 48 potential immune-related genes; the results of multiple non-linear regression analysis indicated that 9 potential immune-related genes with opposite significant correlation between the control and tumor tissue samples. Referred to as differential immune-related genes, those 9 potential immune-related genes, may have tumor tissue-specific functions in the regulation of the immune environment. We evaluated their potential influence on the biological function by using GSEA, and the results showed their potential to activate or inactivate multiple types of signaling pathways, including the immune pathway, microenvironment, and metabolic pathway, and some canonical cancer pathways. The pathways are widely recognized as cancer regulatory mechanisms.

Though much effort has been on identifying genes as biomarkers for immunotherapy, little progress has been made. We thus determined the predicted values for differential immune-related genes in NSCLC. We selected well-recognized biomarkers with gene expression data in our data set (25). PD-L1, also named as B7-H1 or CD274, is the first ligand of PD-1 discovered and widely expressed. It is the main factor responsible for promoting tumor immune evasion (26), and has been a major clinical target for immunotherapy in NSCLC. CD8A is one of the hallmarks of CD8+ T-cell activation signature genes, as well as GZMB (27). NOS2 is the classically activated macrophage transcript (28). They are widely used in multiple studies to predict the efficacy of immunotherapy. In this study, we calculate the relationship between differential immune-related genes and 4 well-recognized immunotherapy biomarkers. OLR1 showed the best correlation with those existing biomarkers and thus was selected to explore its specific relationship with TME. PD-L1 is the most important clinical predictors of immunotherapy and its expression level in tumor tissue determines whether to apply immunotherapy. The NSCLC patient with higher PD-L1 would be believed get better clinical benefit from PD-1/PD-L1 antibody therapy. In this study, there were numerically positive correlations between PD-L1 and OLR1. It may imply that OLR1 could be used as an auxiliary diagnostic marker for immunotherapy. CD8+ activation is the signature event of anti-cancer effect for immune-checkpoint inhibitors. The positive numerically correlation between OLR1 and CD8+ could provide further support for OLR1 plays as a biomarker of immunotherapy. Notably, all analyses were based on gene expression data and all positive or negative correlations just showed statistically significant. However, they have not been assessed in either clinical or experimental models.

Moreover, t-SNE analysis showed a significant difference in the distribution of immune cells with 50% high or low OLR1 expression tumor samples. This finding suggests that OLR1 can distinguish the state of TME by influencing the distribution of immune cells. Fourteen kinds of immune cells changed in OLR1 expression level, and the ratios (low or high) of four well-recognized immunotherapy biomarkers were significantly different between the low and high OLR1 expression groups. Furthermore, we found an interesting result when we compared TILs distribution between “normal vs. tumor” and “lower OLR1 expression vs. higher OLR1 expression” (Figures 3C–R, and Figure 5F). There were 16 kinds of TILs with different distribution between normal tissue and tumor tissue and 14 kinds of different distribution TILs between lower OLR1 expression tissue and higher OLR1 expression tissue. Ten kinds of TILs were identical in both comparisons. A term TILs (B cells memory, plasma cells, T cells follicular helper and T cells regulatory) have more distribution in tumor tissue (compared with normal tissue) and lower OLR1 expression tissue (compared with higher OLR1 expression tissue), and another term (T cells CD4 memory resting, monocytes, eosinophilia and neutrophils) showed the opposite distribution. It indicates that lower OLR1 expression has close relationship with tumor microenvironment. OLR1 also named LOX1. It was first identified as a scavenger receptor for oxLDL in bovine aortic endothelias cells (29). It is also expressed in macrophages, vascular smooth muscle cells, platelets and tumor cells (30). Its overexpression enhances the migration in breast via NF-κB (31). The transcription of OLR1 could be regulated by multiple transcriptional factors, and its activation depended on a wide range of stimuli indicative of dyslipidemia, inflammation and damage initiates several signaling cascades including MAPKs, other protein kinases as well as transcription factors NF-κB and AP-1 (32).

The predictive values of biomarkers should support clinical values. We used TIDE to detect the predictive effect of OLR1 on NSCLC immunotherapy. TIDE is a gene expression biomarker for predicting clinical response to immune checkpoint blockade. Melanoma and NSCLC data are included in the data sets. Given the limitation of the website, we chose 100 tumor samples (top 50 and bottom 50 samples of OLR1 expression in the last cohort) to run the TIDE prediction process. Results showed that the prediction response rate in the top 50 OLR1 expression group was 54% (27/50), which was significantly higher than that in the bottom 50 OLR1 expression group (16/50). In the comparison of other predictive indicators of TIDE, OLR1 expression showed statistical relevance. The results suggested that OLR1 could be used as a biomarker for immunotherapy in NSCLC. As the main disadvantage of data mining study, there are number of limitations of the work. In this study, all analyses used the same data set and all data was from gene expression micro-assay. The single source of data might affect the reliability of the results. Meanwhile, data are derived from multiple countries in this study. Though we set explicit criteria before normalization of data sets, it is inevitable that data missing happens, or some data from different sources may interfere and cancel each other. Therefore, the results might have been biased to a certain degree. In addition, the algorithms are also immature, though we used the well-accepted ones, such as limma, ESTIMATE or CIBERSORT. At last, TIDE, a novel online tool to predict immunotherapy outcome with gene expression data, is used as the last analyses of OLR1 in this research. It is likely that there is no enough evidence for authenticity and reliability of the TIDE prediction results. Those data mining results may change with different data processing or novel algorithm. However, it also provided some clues now for our study and we are trying to validated it experimentally for more evidence. In verification the basic gene expression of OLR1 in multiple NSCLC cell lines, the result showed the significant reduction of OLR1 level in most NSCLC cells than normal lung cell line.

This study explores TME with bioinformatics analysis of public gene expression data sets in NSCLC. Multi-omics data mining shows its reliability in screening meaningful genes in NSCLC with public data sets. The principal findings of this research are that OLR1 played a key role in TME and could predict or potentially be regulated for NSCLC immunotherapy. OLR1 expression was correlated with some well-recognized biomarkers of immunotherapy, including PD-L1, CD8A, GZMB, NOS2, and other predictors. OLR1 expression could divide the differential TICs distribution, and those patients with higher OLR1 expression were predicted to obtain more benefits from immunotherapy in NSCLC. Given the limitations in time and technology, the regulatory role and molecular mechanism of OLR1 were not investigated in depth; regardless, the properties of OLR1 indicate its potential value in NSCLC immunotherapy. We intend to continue this study in future research and explore more clinical data.
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Although immune checkpoint inhibitors (ICIs) have shown remarkable benefit for treatment of advanced non-small lung cancer (NSCLC), only a minority of patients can achieve durable responses and the most patients produce an ultra-rapid progressive disease. Here, we collected the availably published datasets and mined the determinants of response to immunotherapy on pathway levels. One hundred six NSCLC patients treated with immunotherapy were combined from Rizvi et al. and Hellman et al. studies (whole exon sequencing). Two independent validation datasets consisted of the MSKCC cohort (targeted sequencing) and data by Anagnostou and colleagues (whole exon sequencing). The Cancer Genome Atlas (TCGA) somatic mutation and gene expression data were applied to explore the immunobiology features. In the first combined cohort, we detected NOTCH pathway altered in 71% patients with durable clinical benefit (DCB) while only 36% among no durable benefit (NDB) (p = 0.005). Compared to NDB group, co-occurrence of NOTCH and at least two DDR (co-DDR) pathway was discovered in DCB group and contributed to a prolonged progression-free survival (PFS) [22.1 vs 3.6 months, p < 0.0001, HR, 0.34, 95% confidence interval (CI), 0.2–0.59]. In two independent datasets, co-occurrence of NOTCH+/co-DDR+ was also validated to be a better immunotherapy efficacy [Cohort 2: 13 vs 6 months, p = 0.034, HR, 0.55, 95% CI, 0.31–0.96; Cohort 3: 21 vs 11 months, p = 0.067, HR, 0.45, 95% CI, 0.18–1.1]. By analyzing TCGA cohort, we found patients with coexisting NOTCH+/co-DDR+ pathway had a higher TMB, more infiltration of CD4+T cells. Overall, co-occurrence of NOTCH and co-DDR pathway reflect a better immunotherapy efficacy in advanced NSCLC. This genomic predictor show promise in stratifying patients that suit for immunotherapy for future clinical practice.
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Introduction

Immune checkpoint inhibitors (ICIs) has shown remarkable benefit for treatment of advanced non-small lung cancer (NSCLC) (1, 2). Nevertheless, only a limited patient population can generate durable responses after immunotherapy, while the majority of patients undergo inferior survival (3, 4). Therefore, there is an urgent need to stratify the patients who will benefit from ICIs.

A plethora of studies have shown biomarkers for predicting response to immunotherapy. The most heavily studied biomarker was programmed death-ligand 1 (PD-L1) expression correlated to efficacious immunotherapy (5–8), but subsequent trials proven a sizeable proportion of patients still achieve durable responses with PD-L1 negative (2, 9). Furthermore, some genomic markers have been reported for predicting the response to ICI, including tumor mutation burden (TMB) (10, 11), tumor neoantigen burden (TNB) (12, 13), and DNA repair alterations (14–16). Meanwhile, several studies explored the alterations on pathway level that correlates to ICI. Zhang et al. found NOTCH signaling related to better ICI efficacy (17). Wang et al. revealed co-mutations in DNA damage response (DDR) pathways could serve as predictors of response to ICB (18).

Due to the interactions and dependencies among different pathways, we supposed single pathway was not high enough to reflect the response of ICI. Therefore, we focused on the co-occurrent pathways to predict the superior survival outcomes after immunotherapy. Availably published datasets were collected from four studies. The first cohort was combined by data from Rizvi et al. and Hellman et al., which was used to identify the co-occurrent pathways correlated to ICI (15, 19). We further validated the co-occurrent pathways correlated to better efficacy after immunotherapy in two independent datasets (data from Anagnostou et al. and the MSKCC cohort) (20, 21). Using the somatic mutation and gene expression data from TCGA, we explored the immunobiology features about the co-occurrent pathway.



Materials and Methods


Datasets Used

We collected four publicly available datasets treated with immunotherapy (Supplementary Table 1). Thirty-four NSCLC patients sequenced by WES were downloaded from Rizvi et al. Another 75 patients with WES data were derived from Hellman et al. studies. Data from the two studies were merged as the first combined cohort. After excluding three patients lack of efficacy information, data from 106 patients was obtained. The second cohort was from Anagnostou et al., including 89 NSCLC patients treated with ICIs. Two patients were excluded because of lacking definitive response evaluation. For the third cohort, MSKCC cohort was downloaded from cBioPortal (http://www.cbioportal.org/study/summary?id=tmb_mskcc_2018). We also acquired the genome mutation from 1026 NSCLC patients and transcriptome expression data from 59 advanced NSCLC patients in TCGA.



Pathway Alterations

Genes involved in 10 oncogenic signaling pathways and eight DDR pathways were listed in Supplementary Table 2. The 10 canonical oncogenic signaling pathways were downloaded from (22) and included: cell cycle, Hippo signaling, Myc signaling, Notch signaling, oxidative stress response/Nrf2, PI-3-Kinase signaling, receptor-tyrosine kinase (RTK)/RAS/MAP-Kinase signaling, TGFb signaling, p53 and b-catenin/Wnt signaling. Eight DDR pathways analyzed were: mismatch repair (MMR); base excision repair (BER); check point factors (CPF); Fanconi anemia (FA); homologous recombination repair (HRR); nucleotide excision repair (NER); non-homologous end-joining (NHEJ); and DNA translesion synthesis (TLS) (23). We defined pathway alteration as at least one gene in this pathway mutated. Co-DDR was defined as two or more DDR pathway altered. Co-occurring alteration of NOTCH and DDR pathway was referred as NOTCH+/co-DDR+.



Immune Infiltration Analysis

SsGSEA was utilized to calculate the enrichment scores (ES) of immune cell types in the tumor microenvironment (24). Gene signatures of 28 immune cell types were downloaded from previous study (25). Tumors were further subclassified into different immune groups using the Euclidean distance and “ward.D” clustering. The expression levels of genes were first z-score normalized across all patients. Then we calculated the mean z-scores for each group and ranked in descending order. Based on the pre-ranked GSEA method, for each immune cell signature, we defined the q-value <10% and NES >0 as the enrichment, while the q-value <10% and NES <0 as the depletion.



Statistical Analyses

We performed univariable and multivariable Cox regression analyses to identify potential predictors of survival. Survival curves were estimated with the Kaplan-Meier product-limit method and compared by log-rank test. Comparisons of TMB, TNB, and expression levels between different groups were used with the Wilcoxon rank-sum test or t test. Enrichment analysis of gene function was calculated by GSEA with Benjamini-Hochberg correction for multiple hypothesis testing (q < 0.05). All statistical analyses were performed in the R statistical environment version 3.6.2.




Results


Pathway Alterations in NSCLC Treated With Immunotherapy

We collected WES data from 106 NSCLC patients treated with immunotherapy derived from published data as the discovery cohort (15, 19). Of these patients, 51 (48.1%) achieved durable clinical benefit and 55 (51.9%) had no response to the immunotherapy. The clinical features and efficacy outcomes were summarized in Table 1. To unravel the determinants of response to immunotherapy on pathway levels, we mapped all mutated genes to 10 oncogenic signaling pathways and eight DDR pathways (Supplementary Table 2, Figure 1). A tumor sample was considered as altered in a given pathway if one or more genes in this pathway contained non-synonymous mutations. Data from 99 patients succeeded to map to pathways that were further analyzed. The most frequently altered pathway was RTK/RAS in both DCB and NDB group (80 vs 82%), followed by HIPPO pathway (65% in DCB vs 52% in NDB). Notably, 71% patients with DCB had alteration in NOTCH pathway while only 36% in NDB group (p = 0.005). This was consistent with previous study that NOTCH signaling correlated with better ICI efficacy (17). More DDR-related pathways were altered in DCB. Co-mutations in DDR pathways (hereafter referred as co-DDR) have been reported to a better clinical benefit to ICI by Wang et al. (18), we also detected a higher prevalence of co-DDR pathway alteration in DCB group (69.3 vs 30%, p = 0.0002). Taken together, alterations on pathway level can reflect the divergent response in immunotherapy.


Table 1 | Clinical characteristics of discovery cohort.






Figure 1 | Pathway alterations in NSCLC with or without efficacious immunotherapy. Stacked plot showed the number of mutated pathway (histogram, top). Clinical characters are listed at the bottom of the figure. The prevalence of mutated pathways was calculated at left (in DCB group) and right (in NDB group). Orange represents the oncogenic pathway and blue stands for the DDR pathway.





Identification of NOTCH Co-occurring Pathways to Distinguish ICI Efficacy

Given that single pathway fails to adequately reveal the response of ICI, we applied a co-occurrence strategy to investigate how the NOTCH co-occurring pathways impacted the ICI efficacy. Comparing to NDB group, we identified the HIPPO and/or co-DDR pathway co-occurring with NOTCH pathway, which displayed a better clinical benefit (Figure 2A). After testing in univariate and multivariate cox regression for progressive free survival (PFS), only co-occurrence of NOTCH and co-DDR pathway proved to be an independently protective factor for PFS (Figure 2B, Supplementary Figure 1). Thus, 99 patients were further stratified into two groups according to the co-occurrent alteration of NOTCH and co-DDR pathways (hereafter referred as NOTCH+/co-DDR+). Altered genes for each pathway of NOCTH+/co-DDR+ were shown in Supplementary Figure 2. We defined the patients with NOTCH+/co-DDR+ as “GoodBenefit” (37 patients) and others were “BadBenefit” (62 patients). Patients grouped as “GoodBenefit” showed a longer PFS (22.1 vs 3.6 months, p < 0.0001, Figure 2C). Notably, co-occurrence of NOTCH+/co-DDR+ showed more prolonged PFS than single pathway (alteration either in NOTCH or co-DDR pathway) (Supplementary Figure 3A). In the NOTCH+/co-DDR+ group, we also detected higher tumor mutation burden (TMB, Figure 2D), higher tumor neoantigen burden (TNB, Figure 2E), more durable clinical benefit (p < 0.001, Figure 2F), and more improved objective response (p < 0.001, Figure 2G). These results were also observed when we stratified patients into the following three groups: CoPath (NOTCH+/co-DDR+) versus SinglePath (alterations in NOTCH or at least two DDR pathway) versus wild type (Supplementary Figures 3B–E). In summary, we identified NOTCH co-occurring with co-DDR pathways reflecting a better immunotherapy efficacy.




Figure 2 | NOTCH co-occurring pathways that contributed to ICI efficacy. (A) log2 (odds ratio) and -log2 (p value) for enrichment of altered pathways co-occurred with and without NOTCH pathway. (B) Forest plot displaying univariate cox regression analyses for PFS of individually considered pathway. (C) Kaplan-Meier survival curves for PFS comparing “GoodBenefit” versus “BadBenefit.” (D, E) Boxplot of TMB (D) and TNB (E) in “GoodBenefit” versus “BadBenefit.” (F, G) Percentage of patients with clinical benefit evaluation (F) and objective response (G).





Independent Validation of the Model in Two Cohorts

To evaluate whether the co-occurrence of NOTCH+/co-DDR+ could serve as a potential predictor of immunotherapy efficacy, we crossed-validated our findings using two independent cohorts who received ICI therapies.

One validated dataset was from Anagnostou and colleagues (20), 87 NSCLC patients with definitive response evaluation were obtained. Using our stratification criteria, 26 patients were grouped into “GoodBenefit,” where 61 were classified as “BadBenefit.” Utilizing the univariate cox regression for PFS, “GoodBenefit” group showed a decreased risk of PFS (Figure 3A). Comparing to the group of “BadBenefit,” patients with co-existing pathways had longer PFS (13 vs 6 months, p = 0.034, HR, 0.55, 95% CI, 0.31–0.96) (Figure 3B). As expected, the TMB was significantly higher in “GoodBenefit” group than “BadBenefit” group (Figure 3C). When Comparing among the three groups (NOTCH+/co-DDR+ versus NOTCH or co-DDR occurrence versus Wildtype), co-occurrence of NOTCH/co-DDR also exhibited superior survival outcomes and the highest TMB (Supplementary Figures 4A, B).




Figure 3 | Validation of NOTCH/co-DDR co-occurring pathways to ICI efficacy in Anagnostou et al. cohort (A–C) and MSKCC cohort (D–F). (A) Forest plot displaying univariate cox regression analyses for PFS of individually considered pathway for Anagnostou et al. dataset. (B) Kaplan-Meier survival curves for PFS comparing “GoodBenefit” versus “BadBenefit.” (C) Boxplot of TMB in “GoodBenefit” versus “BadBenefit.” (D) Forest plot displaying univariate cox regression analyses for OS of individually considered pathway for MSKCC data. (E) Kaplan-Meier survival curves for OS comparing “GoodBenefit” versus “BadBenefit.” (F) Boxplot of TMB in “GoodBenefit” versus “BadBenefit.”.



For another independent cohort from MSKCC, 1,661 patients received immunotherapy by targeted sequencing, we retained the 316 NSCLC tissue [271 lung adenocarcinoma (LUAD) and 45 Lung squamous cell carcinoma (LUSC)] for further analyses (21). Co-occurrence of NOTCH+/co-DDR+ was found act as a protective factor (Figure 3D). Overall survival in co-occurrence group was prolonged, although did not reached the statistical significance (21 vs 11 months, p = 0.067, HR, 0.45, 95% CI, 0.181.1, Figure 3E). We speculated the limited genes from panel may underestimate the pathway alteration. In this cohort, targeted capture panel comprised of 341 and 410 genes, respectively, covering 10 oncogenic pathways and seven DDR pathways without TLS pathway. In addition, the TMB was significantly higher in “GoodBenefit” group (Figure 3F). When compared among the three groups, the co-occurrent group still performed improved OS prognostication and higher TMB (Supplementary Figures 4C, D).



Genomic Characteristics of NOTCH/co-DDR Co-occurrence in TCGA Cohort

We next explored the genomic characteristics in TCGA cohort according to our stratification criterion. One thousand twenty-six NSCLC WES data and clinical features were downloaded. All mutated genes were mapped to 18 canonical pathways. TMB in “GoodBenefit” group was significantly higher than “BadBenefit” group regardless of stage (Supplementary Figure 5A). Considering the predictor of NOTCH+/co-DDR+ was trained based on advanced NSCLC and without EGFR mutation. We filtered out the patients with early stage and EGFR alteration. Ultimately, 120 advanced NSCLC patients retained; 39.2% (47) patients were classified as “GoodBenefit” group while 60.8% (73) as “BadBenefit” group. This ratio of potential efficiency coincided with previous reports on NSCLC patients beneficial of ICIs delivery (26–29). In order to exclude NOTCH+/co-DDR+ as a potential prognostic factor, we performed the survival analyses in TCGA cohort treated with standard treatment. No significant difference of overall survival was detected between GoodBenefit versus BadBenefit group or among three groups (Figure 4A, Supplementary Figure 5B). This result demonstrated co-occurrent NOTCH+/co-DDR+ was not a prognostic factor per se, but can serve as predictor in condition of immunotherapy. Recent studies have shown the TMB was a predictor of the pathological response to immune checkpoint inhibitors treatment in advanced lung cancer patients, we next checked the TMB distribution in our groups. Comparing to wildtype, higher TMB was observed in “GoodBenefit” group (Figure 4B). In details, the TMB was significantly higher in co-occurrence group than those harbored single pathway (either NOCTH or co-DDR alteration) and wildtype (neither NOTCH nor co-DDR alteration) (Supplementary Figure 5C).




Figure 4 | Genomic characteristics of NOTCH/co-DDR co-occurring pathways in TCGA cohort. (A) Kaplan-Meier survival curves for OS comparing “GoodBenefit” versus “BadBenefit.” (B) Violin plot of TMB between “GoodBenefit” versus “BadBenefit.”.





Immunobiology Features of NOTCH/co-DDR Co-occurrence

To further explore the immunobiology features of NOTCH+/co-DDR+ co-occurrence, we obtained 59 of 120 patients from TCGA whose RNA-seq data were available. The single sample gene set enrichment analysis (ssGSEA) method was employed to deconvolute the relative abundance of each immune cell type. By unsupervised clustering, we classified the 59 NSCLC into three clusters [immune-high (n = 27), immune-intermediate (n = 15), and immune-low (n = 17), Figure 5A]. Patients with NOTCH+/co-DDR+ co-occurrence had no preference to specific immune group (immune-high 14/27 vs immune-intermediate 3/15 vs immune-low 6/17, p = 0.12). Of note, CD4+ T cell were enriched in NOTCH+/co-DDR+ group (Figure 5B). We also found Interleukin 4 (IL-4), a quintessential T helper type 2 (Th2) cytokine produced by CD4+ T cells, expressed lower in “GoodBenefit” group (Figure 5C). TNFRSF18 was up-regulated in “GoodBenefit” group (Figure 5C), playing a role in promoting T effector cell activity by inducing proliferation and supporting survival in T cells, while also suppressing Treg activity (30). Another Tumor necrosis factor superfamily, TNFSF15 was downregulated in “GoodBenefit” group. TNFSF15 has been reported being an inhibitor of endothelial cell growth (31). Functional enrichment analyses revealed “GoodBenefit” group up-regulated growth factor receptor pathway, down-regulated DNA repair pathways and immune response pathways, this tumor context may contribute to the clinical benefit of ICI (Supplementary Figure 6).




Figure 5 | Immunobiology features of NOTCH/co-DDR co-occurrence. (A) Heatmap of immune infiltration in each patient. (B) Volcano plots for the enrichment (red) and depletion (blue) of immune cell types for GoodBenefit and BadBenefit. The expression levels of genes were first z-score normalized across all patients. Then we calculated the mean z-scores for each group and ranked in descending order. Based on the pre-ranked GSEA method, for each immune cell signature, we defined the q-value <10% and NES >0 as the enrichment, while the q-value <10% and NES <0 as the depletion. Immune cells with absolute NES greater than 1 were shown. (C) Normalized express of immune-related genes between Goodbenefit versus Badbenefit.






Discussion

In this study, we demonstrated the co-occurrence of NOTCH and co-DDR pathways can predict the superior survival outcomes after immunotherapy in advanced NSCLC. This phenomenon was first identified in one combined cohort and validated across another two independent cohorts. All the data we analyzed was performed WES, except one validated cohort from MSKCC (targeted sequencing). Using WES data was an advantage because it can cover enough genes of the pathway, overcoming the deficiency of targeted sequencing. To the best of our knowledge, this is the first report focusing on co-occurrence event on pathway level to explore the determinants of response to ICIs.

To explore whether there were dominant gene mutations in the co-occurring pathway, we depicted the co-occurring event on gene level involved in NOTCH and DDR pathways (Supplementary Figure 1). It can be observed that more alterations occurred in DCB group than NDB group. However, the overall mutation incidence on gene level was quite low. The most frequently mutated genes in NOTCH pathway were NOTCH1 (7%), NOTCH2 (7%), and JAG2 (7%). Meanwhile, low mutation rates of genes were observed in DDR pathway. Taken together, our data suggested that different genes converging to the co-occurring pathways effect the immunotherapy effect, rather than the specific gene of co-occurrence drives.

Although a single pathway of NOTCH or co-DDR has been reported as a predictor to ICI, we revealed co-occurrent NOTCH+/co-DDR+ pathway preferred in DCB and was more predictive to patients beneficial of ICIs delivery. In the first combined cohort, patients carrying co-mutations in NOTCH and co-DDR pathways had significantly longer PFS as compared to the SinglePath (alterations in NOTCH or at least two DDR pathway) or wild type, and the TMB was gradually decreasing. As for the validation dataset of cohort 2, we also observed the longer PFS in CoPath group than SinglePath, but there was no significant different in SinglePath versus Wild type. Thus, we speculated alteration in single pathway of NOTCH or co-DDR was incomplete correlate of immunotherapy.

Patients carrying alterations of NOTCH+/co-DDR+ pathway associated with increased TMB, TNB, and more infiltration of CD4+ T cell. Previous study has revealed that alterations in co-DDR pathway appeared to higher TMB and TNB (18). Since a higher mutation and neoantigen load could induce T cell-mediated antitumor response (32), we speculated that alterations in co-DDR contributed to more mutation and neoepitope, and further increased the likelihood of recognition by T cell. NOTCH signaling pathway has been reported as a pivotal role in regulating T cell modulation, differentiation, and activation (33, 34). In addition, previous study also reported NOTCH can control the fate of various T cell types, including Th1, Th2, and the regulatory T cells (35). In our result, we found co-occurrence of NOTCH/co-DDR tended to infiltrate more CD4+ T cell, but down-regulated the cytokine of Th2, suggesting more CD4 T cell that not secrete Th2 exist in NOTCH/co-DDR group. Moreover, recent studies have shown that NOTCH signaling is required for optimal T-cell-mediated anti-tumor immunity (36). Collectively, one potential explanation may be alteration of co-DDR pathway cause more mutations producing immunogenic neoantigens that are recognized and targeted by T cells and NOTCH pathway mediate more infiltration of CD4+ T cells and enhance effector T-cell activity. However, the underlying mechanism of co-ordination between NOTCH and co-DDR pathways and how these pathways shape together the microenvironment suit for immunotherapy should be further investigated in the future. Expanded data and more experiments are warranted to reveal the mechanism on how these pathways cross-talk to determine a better response to immunotherapy.

In conclusion, preliminary data from three cohorts showed evidence that co-mutations in NOTCH and co-DDR pathways indicated better immunotherapy efficacy. This genomic marker provided a new dimension to predict the superior survival outcomes in response to immunotherapy.



Data Availability Statement

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



Author Contributions

CC, CS, and ZZ conceived and designed the present study. ZZ, YYG, XS, and JB contributed equally to this work. ZZ and CC wrote the manuscript. ZZ, YYG, and XS collected and interpreted data. JB and WG performed the data analysis. JM, JL, and XX gave material support. JH, BZ, and YFG helped in improving the language and correcting grammar mistakes. All authors contributed to the article and approved the submitted version.



Funding

China Postdoctoral Science Foundation funded project (Grant #2014T70977). Hubei Province National Natural Science Foundation of China (Grant #2018CFB733).



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2021.659321/full#supplementary-material



References

1. Reck, M, Rodríguez-Abreu, D, Robinson, AG, Hui, R, Csőszi, T, Fülöp, A, et al. Pembrolizumab Versus Chemotherapy for Pd-L1–Positive Non–Small-Cell Lung Cancer. N Engl J Med (2016) 375:1823–33. doi: 10.1056/NEJMoa1606774

2. Socinski, MA, Jotte, RM, Federico, C, Francisco, O, Daniil, S, Naoyuki, N, et al. Atezolizumab for First-Line Treatment of Metastatic Nonsquamous Nsclc. N Engl J Med (2018) 378:Nejmoa1716948–1716948. doi: 10.1056/NEJMoa1716948

3. Camidge, DR, Doebele, RC, and Kerr, KM. Comparing and Contrasting Predictive Biomarkers for Immunotherapy and Targeted Therapy of Nsclc. Nat Rev Clin Oncol (2019) 16:341–55. doi: 10.1038/s41571-019-0173-9

4. Gibney, GT, Weiner, LM, and Atkins, MB. Predictive Biomarkers for Checkpoint Inhibitor-Based Immunotherapy. Lancet Oncol (2016) 17:E542–542e551. doi: 10.1016/S1470-2045(16)30406-5

5. Garon, EB, Rizvi, NA, Hui, R, Leighl, N, and Gandhi, L. Pembrolizumab for the Treatment of Non–Small-Cell Lung Cancer. N Engl J Med (2015) 372:2018–28. doi: 10.1056/NEJMoa1501824

6. Chae, YK, Pan, A, Davis, AA, Raparia, K, Mohindra, NA, Matsangou, M, et al. Biomarkers for Pd-1/Pd-L1 Blockade Therapy In Non-Small-Cell Lung Cancer: Is Pd-L1 Expression a Good Marker for Patient Selection. Clin Lung Cancer (2016) 17:350–61. doi: 10.1016/J.Cllc.2016.03.011

7. Tumeh, PC, Harview, CL, Yearley, JH, Shintaku, IP, Taylor, EJ, Robert, L, et al. Pd-1 Blockade Induces Responses by Inhibiting Adaptive Immune Resistance. Nature (2014) 515:568–71. doi: 10.1038/Nature13954

8. Anagnostou, V, Forde, PM, White, JR, Niknafs, N, Hruban, C, Naidoo, J, et al. Dynamics of Tumor and Immune Responses During Immune Checkpoint Blockade in Non-Small Cell Lung Cancer. Cancer Res (2019) 79:1214–25. doi: 10.1158/0008-5472.Can-18-1127

9. Motzer, RJ, Rini, BI, Mcdermott, DF, Redman, BG, Kuzel, TM, Harrison, MR, et al. Nivolumab for Metastatic Renal Cell Carcinoma: Results of a Randomized Phase Ii Trial. J Clin Oncol (2014) 33:1430–7. doi: 10.1200/JCO.2014.59.0703

10. Hellmann, MD, Callahan, MK, Awad, MM, Calvo, E, Ascierto, PA, Atmaca, A, et al. Tumor Mutational Burden and Efficacy of Nivolumab Monotherapy and in Combination With Ipilimumab in Small-Cell Lung Cancer. Cancer Cell (2018) 33:853–61.e4. doi: 10.1016/j.ccell.2019.01.011

11. Carbone, DP, Reck, M, Paz-Ares, L, Creelan, B, Horn, L, Steins, M, et al. First-Line Nivolumab in Stage Iv or Recurrent Non-Small-Cell Lung Cancer. N Engl J Med (2017) 376:2415–26. doi: 10.1056/Nejmoa1613493

12. Van Allen, EM, Miao, D, Schilling, B, Shukla, SA, Blank, C, Zimmer, L, et al. Genomic Correlates of Response to Ctla-4 Blockade in Metastatic Melanoma. Science (2015) 350:207–11. doi: 10.1126/science.aad0095

13. Gubin, MM, Zhang, X, Schuster, H, Caron, E, Ward, JP, Noguchi, T, et al. Checkpoint Blockade Cancer Immunotherapy Targets Tumour-Specific Mutant Antigens. Nature (2014) 515:577–81. doi: 10.1038/Nature13988

14. Finn, OJ. Cancer immunology. Cancer Immunol (2008) 358:2704–15. doi: 10.1056/NEJMra072739

15. Rizvi, NA, Hellmann, MD, Snyder, A, Kvistborg, P, Makarov, V, Havel, JJ, et al. Mutational Landscape Determines Sensitivity to Pd-1 Blockade in Non–Small Cell Lung Cancer. Science (2015) 348:124–8. doi: 10.1126/science.aaa1348

16. Bhangoo, MS, Boasberg, P, Mehta, P, Elvin, JA, Ali, SM, Wu, W, et al. Tumor Mutational Burden Guides Therapy in a Treatment Refractory Pole-Mutant Uterine Carcinosarcoma. Oncologist (2018) 23:518. doi: 10.1634/theoncologist.2017-0342

17. Zhang, K, Hong, X, Song, Z, Xu, Y, and Liu, L. IIdentification of Deleterious NOTCH Mutation as Novel Predictor to Efficacious Immunotherapy in NSCLC. Clin Cancer Res (2020) 26:3649–661. doi: 10.1158/1078-0432.CCR-19-3976

18. Wang, Z, Zhao, J, Wang, G, Zhang, F, Zhang, Z, Zhang, F, et al. Comutations in Dna Damage Response Pathways Serve as Potential Biomarkers for Immune Checkpoint Blockade. Cancer Res (2018) 78:6486–96. doi: 10.1158/0008-5472.Can-18-1814

19. Hellmann, MD, Nathanson, T, Rizvi, H, Creelan, BC, Sanchez-Vega, F, Ahuja, A, et al. Genomic Features of Response to Combination Immunotherapy in Patients With Advanced Non-Small-Cell Lung Cancer. Cancer Cell (2018) 33:843–52.e4. doi: 10.1016/j.ccell.2018.03.018

20. Anagnostou, V, Niknafs, N, Marrone, K, Bruhm, DC, White, JR, Naidoo, J, et al. Multimodal Genomic Features Predict Outcome of Immune Checkpoint Blockade in Non-Small-Cell Lung Cancer. Nat Cancer (2020) 1:99–111. doi: 10.1038/s43018-019-0008-8

21. Samstein, RM, Lee, C, Shoushtari, AN, Hellmann, MD, Shen, R, Janjigian, YY, et al. Tumor Mutational Load Predicts Survival After Immunotherapy Across Multiple Cancer Types. Nat Genet (2019) 51:202–6. doi: 10.1038/s41588-018-0312-8

22. 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

23. Scarbrough, PM, Weber, RP, Iversen, ES, Brhane, Y, Amos, CI, Kraft, P, et al. a Cross-Cancer Genetic Association Analysis of the Dna Repair and Dna Damage Signaling Pathways for Lung, Ovary, Prostate, Breast, and Colorectal Cancer. Cancer Epidemiol Biomarkers Prev (2016) 25:193–200. doi: 10.1158/1055-9965.EPI-15-0649

24. Hnzelmann, S, Castelo, R, and Guinney, J. Gsva: Gene Set Variation Analysis for Microarray and Rna-Seq Data. BMC Bioinformatics (2013) 14:7–7. doi: 10.1186/1471-2105-14-7

25. Charoentong, P, Finotello, F, Angelova, M, Mayer, C, Efremova, M, Rieder, D, et al. Pan-Cancer Immunogenomic Analyses Reveal Genotype-Immunophenotype Relationships and Predictors of Response to Checkpoint Blockade. Cell Rep (2017) 18:248–62. doi: 10.1016/j.celrep.2016.12.019

26. Barlesi, F, Vansteenkiste, J, Spigel, D, Ishii, H, Garassino, M, De Marinis, F, et al. Avelumab versus docetaxel in patients with platinum-treated advanced non-small-cell lung cancer (JAVELIN Lung 200): An open-label, randomised, phase 3 study. Lancet Oncol (2018) 19:1468–79. doi: 10.1016/S1470-2045(18)30673-9

27. Borghaei, H, Paz-Ares, L, Horn, L, Spigel, DR, Steins, M, Ready, NE, et al. Nivolumab Versus Docetaxel in Advanced Nonsquamous Non–Small-Cell Lung Cancer. N Engl J Med (2015) 373:1627–39. doi: 10.1056/NEJMoa1507643

28. Garassino, MC, Cho, B, Kim, J, Mazières, J, Vansteenkiste, J, Lena, H, et al. Durvalumab as Third-Line or Later Treatment for Advanced Non-Small-Cell Lung Cancer (Atlantic): an Open-Label, Single-Arm, Phase 2 Study. Lancet Oncol (2018) 19:521–36. doi: 10.1016/S1470-2045(18)30144-X

29. Herbst, RS, Baas, P, Kim, D, Felip, E, Pérez-Gracia, JL, Han, J, et al. Pembrolizumab Versus Docetaxel for Previously Treated, Pd-L1-Positive, Advanced Non-Small-Cell Lung Cancer (Keynote-010): a Randomised Controlled Trial. Lancet (2016) 387:1540–50. doi: 10.1016/S0140-6736(15)01281-7

30. Mahoney, KM, Rennert, PD, and Freeman, GJ. Combination Cancer Immunotherapy and New Immunomodulatory Targets. Nat Rev Drug Discov (2015) 14:561–84. doi: 10.1038/nrd4591

31. Yu, J, Tian, S, Metheny-Barlow, L, Chew, LJ, Hayes, AJ, Pan, H, et al. Modulation of Endothelial Cell Growth Arrest and Apoptosis by Vascular Endothelial Growth Inhibitor. Circ Res (2001) 89:1161–7. doi: 10.1161/hh2401.101909

32. Keenan, TE, Burke, KP, and Van Allen, EM. Genomic Correlates of Response to Immune Checkpoint Blockade. Nat Med (2019) 25:1. doi: 10.1038/s41591-019-0382-x

33. Laky, K, and Fowlkes, BJ. Notch Signaling in Cd4 and Cd8 T Cell Development. Curr Opin Immunol (2008) 20:197–202. doi: 10.1016/J.Coi.2008.03.004

34. Janghorban, M, Xin, L, Rosen, JM, and Zhang, XH. Notch Signaling as a Regulator of the Tumor Immune Response: to Target or Not to Target. Front Immunol (2018) 9:1649:1649. doi: 10.3389/Fimmu.2018.01649

35. Luo, X, Xu, L, Li, Y, and Tan, H. Notch Pathway Plays a Novel and Critical Role in Regulating Responses of T and Antigen-Presenting Cells in Agvhd. Front Immunol (2017) 33:169–81. doi: 10.1007/s10565-016-9364-7

36. Kelliher, MA, and Roderick, JE. NOTCH Signaling in T-Cell-Mediated Anti-Tumor Immunity and T-Cell-Based Immunotherapies. Front Immunol (2018) 9:1718 doi: 10.3389/fimmu.2018.01718



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 © 2021 Zhang, Gu, Su, Bai, Guan, Ma, Luo, He, Zhang, Geng, Xia, Guan, Shen and Chen. 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.




ORIGINAL RESEARCH

published: 31 May 2021

doi: 10.3389/fonc.2021.591922

[image: image2]


Exploration of the Tumor-Suppressive Immune Microenvironment by Integrated Analysis in EGFR-Mutant Lung Adenocarcinoma


Teng Li 1, Xiaocong Pang 2, Junyun Wang 3,4, Shouzheng Wang 1, Yiying Guo 1, Ning He 4, Puyuan Xing 1* and Junling Li 1*


1 Department of Medical Oncology, National Cancer Center/National Clinical Research Center for Cancer/Cancer Hospital, Chinese Academy of Medical Sciences and Peking Union Medical College, Beijing, China, 2 Department of Pharmacy, Peking University First Hospital, Beijing, China, 3 CAS Key Laboratory of Genome Sciences and Information, Beijing Institute of Genomics, Chinese Academy of Sciences/China National Center for Bioinformation, Beijing, China, 4 Research Institute, GloriousMed Clinical Laboratory (Shanghai) Co., Ltd., Shanghai, China




Edited by: 
Qian Chu, Huazhong University of Science and Technology, China

Reviewed by: 
Jing Zhang, Beihang University, China
 Lin Li, Beijing Hospital, China

*Correspondence: 
Junling Li
 lijunling@cicams.ac.cn
 Puyuan Xing
 xingpuyuan@cicams.ac.cn

Specialty section: 
 This article was submitted to Cancer Immunity and Immunotherapy, a section of the journal Frontiers in Oncology


Received: 05 August 2020

Accepted: 29 March 2021

Published: 31 May 2021

Citation:
Li T, Pang X, Wang J, Wang S, Guo Y, He N, Xing P and Li J (2021) Exploration of the Tumor-Suppressive Immune Microenvironment by Integrated Analysis in EGFR-Mutant Lung Adenocarcinoma. Front. Oncol. 11:591922. doi: 10.3389/fonc.2021.591922




Background

Clinical evidence has shown that few non-small cell lung cancer (NSCLC) patients with epidermal growth factor receptor (EGFR) mutations can benefit from immunotherapy. The tumor immune microenvironment (TIME) is a significant factor affecting the efficacy of immunotherapy. However, the TIME transformational process in EGFR-mutation patients is unknown.



Methods

The mRNA expression and mutation data and lung adenocarcinoma (LUAD) clinical data were obtained from The Cancer Genome Atlas (TCGA) database. Profiles describing the immune landscape of patients with EGFR mutations were characterized by differences in tumor mutation burden (TMB), ESTIMATE, CIBERSORT, and microenvironment cell populations-counter (MCP-counter).



Results

In total, the TCGA data for 585 patients were analyzed. Among these patients, 98 had EGFR mutations. The TMB was lower in the EGFR group (3.94 mut/Mb) than in the KRAS mutation group (6.09 mut/Mb, P < 0.001) and the entire LUAD (6.58 mut/Mb, P < 0.001). The EGFR group had a lower population of activated immune cells and an even higher score of immunosuppressive cells. A further inter-group comparison showed that differences in the TMB and tumor-infiltrating lymphocytes were only found between patients with oncogenic mutations and unknown mutation. Meanwhile, there were more myeloid dendritic cells (DCs) in EGFR 19del than in L858R-mutation patients and in common mutation patents than in uncommon mutation patients (P < 0.05). Additionally, we established a D score, where D = MCP-counter score for cytotoxic T lymphocytes (CTLs)/MCP-counter score for myeloid DCs. Further analysis revealed that lower D scores indicated immune suppression and were negatively related to several immunotherapy biomarkers.



Conclusions

The TIME of EGFR mutant NSCLC was immunosuppressive. Myeloid DCs gradually increased in EGFR 19del, L858R, and uncommon mutations. The potential role of CTLs and DCs in the TIME of patients requires further investigation.





Keywords: immune microenvironment, lung adenocarcinoma, epidermal growth factor receptor (EGFR) mutation, Bioinformatics & Computational Biology, myeloid dendritic cells (mDCs), cytotoxic T lymphocyte (CTL)



Introduction

Lung cancer is one of the leading causes of cancer mortality worldwide (1). Nearly 85% of patients with lung cancer are diagnosed with non-small-cell lung cancer (NSCLC). The two main histological subtypes of NSCLC are adenocarcinoma (ADC) and squamous cell carcinoma (SCC). However, ADC and SCC show different characteristic according to the mutation landscape at the molecular level. As reported, the epidermal growth factor receptor (EGFR) mutation is one of the most common mutated genes detected in adenocarcinoma. Previous studies have shown that EGFR mutations occurred more frequently in females, non-smokers, and Asian patients, and the majority of EGFR mutations were deletions in exon 19 or the L858R substitution in exon 21. Other mutations located in exons 18 and 20 are rare but can also cause EGFR gene activation (2).

For NSCLC patients harboring a sensitizing EGFR-mutation, treatment with EGFR tyrosine kinase inhibitors (TKIs) leads to longer progression-free survival (PFS) and has already become the first-line treatment. At present, three generations of EGFR TKIs are globally available for the treatment of NSCLC and have significantly improved the prognosis of patients (3–5). However, a significant portion of patients with co-mutations or rare mutations of EGFR gain little benefit from TKIs treatment (6). Additionally, almost all patients treated with TKIs eventually experience tumor relapse and acquire resistance. For such patients, the use of TKIs combined with chemotherapy or a monoclonal anti-vascular endothelial growth factor antibody has become the treatment of choice (7). However, the efficacy remains unsatisfactory, and there is still a great need for new treatment strategies.

In recent years, clinical trials have provided unequivocal evidence of the efficacy of immune checkpoint inhibitors (ICIs), so they have become a standard therapy in advanced NSCLC. Still, a major limitation was that patients with sensitizing EGFR mutations were excluded from most clinical trials. A meta-analysis demonstrated that ICIs prolonged overall survival in the EGFR wild-type subgroup [hazard ratio, (HR), 0.67], but not in the EGFR mutant subgroup (HR, 1.11), and prolonged overall survival in the KRAS-mutant subgroup (HR, 0.65), but not in the KRAS wild-type subgroup (HR, 0.86) (8). Currently available clinical trial data have shown that single-agent immunotherapy and in combination with TKIs are inappropriate for EGFR mutant patients (9). Thus, it is challenging to identify potential patients who could benefit from ICIs and to help patients with specific mutations benefit from immunotherapy.

Recent studies on the tumor immune microenvironment (TIME) suggest that the abundance and location of tumor-infiltrating lymphocytes (TILs) can be a potential predictor of response to ICIs (10). Clinical studies also have confirmed that reversing the TIME might reduce tumor-induced immunosuppression in patients with a mutated EGFR (11). All of these studies suggest that we should pay attention to the TIME of mutant lung cancer and seek a breakthrough in treatment. Till now, the immune landscape remains unclear in EGFR mutant patients, especially for different mutant subtypes. Therefore, this study aims to explore the TIME in EGFR-mt adenocarcinoma and investigate the specific TIME features within different subgroups. The flow chart of this study is shown in Figure 1.




Figure 1 | Flowchart of the study design.





Methods


Patient Cohort and Genomic Data Processing

The Cancer Genome Atlas (TCGA) lung adenocarcinoma (LUAD) mRNA expression data, mutation data, and clinical information were downloaded from TCGA (http://cancergenome.nih.gov/) and the University of California at Santa Cruz Xena (UCSC Xena; http://xena.ucsc.edu/). For transcriptome data, raw counts and Fragments Per Kilobase of transcripts per Million mapped reads [FPKM] were acquired. The FPKM was then transformed to TPM for further calculation. Genomic alteration was downloaded from the cBioPortal for Cancer Genomics (cBioPortal; http://cbioportal.org).

Common EGFR mutations were defined as exon 19 deletion and exon 21 L858R without exon 20 T790M. Uncommon EGFR mutations were defined as other oncogenic mutations, such as G719X, S768I, and L861Q in exons 18, 20, and 21, respectively. Except as noted above, others that cannot lead to EGFR activation were defined as unknown mutations. Patients with co-mutations of different EGFR-mutation status were excluded from all groups.



Analysis of Immune Landscape

Tumor mutational burden (TMB): The TMB was defined as the total number of somatic mutations per megabase (Mb) of the genome examined. The normalized TMB = (whole exome non-synonymous mutations)/(38 Mb).

Estimation of STromal and Immune cells in MAlignant Tumor tissues using Expression data (ESTIMATE): ESTIMATE (12) was used to assess the immune infiltration (ImmuneScore), stromal content (StromalScore), and combined (ESTIMATEScore) of the samples. This kind of scoring can be used to estimate tumor purity. ESTIMATE was downloaded from the MD Anderson Cancer Center database (https://bioinformatics.mdanderson.org).

CIBERSORT: CIBERSORT (13) is an analytical tool that applies a deconvolution algorithm to estimate the proportions of 22 leucocyte subtypes based on RNA-seq data. Results with a CIBERSORT P-value of <0.05 were used for subsequent calculation. The package ‘CIBERSORT’ was used to calculate the percentage.

Microenvironment cell populations-counter (MCP-counter): MCP-counter (14) is a computational Method based on the mean marker gene expression that is specifically expressed in the cell type. The eight immune-cell lineage scores were estimated by using the R package MCP-counter algorithm.



Differentially Expressed Genes and Functional Pathways Analysis

Differential gene expression was determined by using the EdgeR software package. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment (false discovery rate < 0.05, Foldchange > 1) analysis of differentially expressed genes (DEGs) were performed to search for biological functions and pathways.



Statistical Analysis

The statistical analysis of tumor purity and of the presence of infiltrating stromal/immune cells in tumor tissues was performed by using R packages: MCP-counter and CIBERSORT. Statistical comparisons were evaluated by using the Wilcoxon rank-sum test and Kruskal–Wallis tests. The clinicopathological characteristics were compared by using chi-square test. Correlations were assessed by using Pearson correlational distances. A two-sided P-value of <0.05 was considered to be indicative of statistical significance.




Results


Clinical Characteristics of the Patients

In total, 585 patients data were downloaded from the TCGA data set. Among these, 98 cases involved EGFR-mutation. Then, the patients were divided into four groups according to their EGFR-mutation type (19del, L858R, uncommon mutation, unknown mutation group). Clinical data were available for 68 of the 98 patients. Baseline characteristics are presented in Table 1.


Table 1 | Demographic characteristics of the patients at baseline.





TIME of the Patients With EGFR Mutations

Supplementary Figure 1 shows the immune landscape of the EGFR mutant group. For further evaluation, we compared the TIME in the EGFR group with that in the KRAS group, and the whole LUAD. The results showed that the TMB was lower in the EGFR group (3.94 mut/Mb) than in the KRAS group (6.09 mut/Mb, P < 0.001) and in the whole LUAD (6.58 mut/Mb, P < 0.001) (Figure 2A). For tumor purity, which was inferred from the ESTIMATE purity score, there were no significant differences between the three groups (P > 0.05) (Figure 2B). For TILs, the EGFR group had a lower score of activated immune cells (CD8 T cells, cytotoxic lymphocytes (CTLs), NK cells) and an even higher score of immunosuppressive cells [myeloid dendritic cells (DCs)] according to the MCP-counter results than KRAS group and the whole LUAD (Figure 2D, P < 0.05). The same trend was observed through analysis of the immune-cell proportion by using the CIBERSORT deconvolution Method (Figure 2C. P < 0.05).




Figure 2 | Comparison of the immune landscape of EGFR-mutated group, KRAS-mutated group and the whole lung adenocarcinoma. The TIME of EGFR-mutated NSCLC show an immunosuppressive status with lower (A) TMB, a lower score of activated immune cell and an even higher score of immunosuppressive cell, estimated by (C) CIBERSORT and (D) MCP-counter. No difference was found in tumor purity among three group (B). *P < 0.05, **P < 0.01, and ***P < 0.0001, respectively. ns, not significant.





Further Analysis of the TIME in the EGFR Mutations Subgroup

Previous studies have suggested that the efficacy of immunotherapy was different among different mutant subtypes. We hypothesized that this may be related to TIME. We then conducted a subgroup analysis to further explore the differences in TIME among different EGFR subgroups. Analysis showed that there were significant differences among the four subgroups (19del, L858R, uncommon mutations, unknown mutations) in the TMB, CD8 T cells, and DCs (Figure 3). However, there were no differences in the purity scores among the four groups (by ESTIMATE).




Figure 3 | Comparison of the immune landscape among 19del, L858R, uncommon mutation and unknown mutation group. (A) TMB, (B) ESTIMATE, (C) CIBERSORT, (D) MCP-counter. Only significant difference in myeloid DC cells was presented among different groups estimated by (C) CIBERSORT and (D) MCP-counter. *P < 0.05, **P < 0.01, ***P < 0.001 and ****P < 0.0001, respectively. ns, not significant.



To determine the source of the differences, we first classified the EGFR-mutation patients into oncogenic and unknown mutation groups according to whether EGFR was activated. The oncogenic group showed a lower TMB, a lower fractions of activated immune subpopulations (by CIBERSORT), and a high abundance of myeloid DCs (by MCP-counter) (Supplementary Figure 2, P < 0.05). Second, oncogenic EGFR mutations can be divided into common and uncommon mutations. There were more myeloid DCs in the common mutations group than in the uncommon mutations group (by MCP-counter). No statistical differences in TMB, tumor purity or fractions of the most immune subgroup were observed between this two groups (Supplementary Figure 3, P < 0.05). Thirdly, as mentioned above, common EGFR mutations include exon 19 deletion and exon 21 L858R. The analysis results showed that there were also no differences in the TMB and ESTIMATE scores between this two subgroups. But a trend toward an immunosuppressive environment was observed in the 19del group. The proportion of resting DCs in the 19del group showed a significant decrease than that in the L858R group (by CIBERSORT, P < 0.05) (Supplementary Figure 4).



Define a Score (D) Based on the MCP-Counter

Subgroup analysis of clinical trials showed that the efficacy of tumor immunotherapy was better in the KRAS group than in the EGFR group. To further characterize which types of infiltrating cells have important roles in immunotherapy, the compositions of TILs were compared between the KRAS and EGFR groups. Analysis by MCP-counter (as well as the CIBERSORT results) showed that more abundant CTLs and a lower population of myeloid DCs were observed in the KRAS-mt group than in the EGFR-mt group (Supplementary Figure 5). The results above suggest that CTLs and myeloid DC have an essential role in TIME. According to this result, we built a simplified model (D score) to quantify the generalized TIME state and defined a D score as D = MCP-counter score of CTLs/MCP-counter score of myeloid DCs. The lower the D score, the greater degree of immunosuppression in the TIME. To test the performance of D score, we performed the following analysis.



Functional Enrichment Analysis in Different EGFR Mutant Groups Defined by the D Score

To further study the differences in gene expression between different D values, EGFR-mutation patients were grouped by D value quartiles, with quartile 1 having the lowest and quartile 3 the highest D level (n = 16 in each group). Differentially expressed genes between the two groups were identified by performing an EdgeR analysis. Among the DEGs identified, 890 were upregulated, and 1373 were downregulated. The DEGs are shown as a volcano plot in Figure 4A. The candidate DEG functions and signaling pathway enrichment were analyzed by using GO terms and the KEGG pathway. Overall, 18 KEGG pathways were significantly enriched. The top five KEGG pathways were the cell cycle, viral protein interaction with cytokine and cytokine receptors, cytokine–cytokine receptor interaction, neuroactive ligand–receptor interaction, and hematopoietic cell lineage (Figure 4B). The organelle fission GO term was the top GO term, followed by nuclear division, receptor ligand activity chromosome segregation, and chromosomal region (Figure 4C).




Figure 4 | Analysis of differentially expressed genes (DEGs) from the D value of EGFR-mut group quartile 1 compared with quartile 3. (A) Volcano plot showing DEGs between higher D score group and lower D score group. (B) Top 10 enrichments of up-regulated DEGs by KEGG analyses. (C) Gene Ontology analyses of DEGs according to their biological process.





Exploration of D Score Among Patients With Different Driver Mutation

Since it remained uncertain whether NSCLC with targetable drivers will benefit from immunotherapy, we further calculated the D value of different mutation subgroups, including EGFR, BRAF, ERBB2, KRAS, and MET mutations. The results showed that the average D values were 0.37, 0.47, 0.56, 0.57, and 0.51 in patients with EGFR, BRAF, ERBB2, KRAS, and MET mutations. Inter-group analysis showed that the D value was lower in the EGFR group than in the other rare mutation groups (P < 0.05) except for the MET mutation. However, there were no significant differences in the D values among the BRAF, ERBB2, KRAS, and MET mutations (Figure 5).




Figure 5 | The D value of EGFR group was lower than rare mutation group except MET mutation and there was no significant difference among BRAF, ERBB2, KRAS and MET mutation. *P < 0.05 and ****P < 0.0001, respectively. ns, not significant.





Clinical Characteristics and Immune-Cell Infiltration of Different D score Groups in LUAD

To examine the significance of the D score, we further studied its role among all TCGA–LUAD patients. We first compared the D score between tumors and normal tissues from TCGA. The results showed that the D value was higher in normal tissue than in tumor tissue, which was consistent with expectations (Figure 6A, P < 0.001). We then compared the clinicopathological features and immune landscape characteristics of different LUAD patients by their D scores. For further analysis, the median D score was selected as the cutoff value. The patients were divided into two groups: the high (D > 0.51, n = 252) group and low (D ≤ 0.51, n = 251) D group. We found there were no significant differences in the D scores of the samples among the clinicopathological features groups, including T, N, M, Stage, Grade, and Age (P > 0.05) (Supplementary Table 1). We also observed that the tumor purity difference between the patients in the high- and low-D groups was not significant (median ESTIMATE score, P > 0.05). However, the immunescore was higher for the high-D group, as expected (P < 0.05) (Figure 6B).




Figure 6 | Explore the role of D value in LUAD. Tumor tissue showed a lower D value than normal tissue (A). No difference in tumor purity was observed between high-D and low-D group (B). Less abundant of activated immune cell were observed in low-D group by CIBERSORT (C) as well as the result MCP-counter (D). *P < 0.05, **P < 0.01, ***P < 0.001 and ****P < 0.0001, respectively. ns, not significant.



Because the D score reflected the immunosuppressive environment based on T cells and DCs, we decided to explore whether the levels of other immune cells in different D groups were consistent with expectations. The different immune cell distribution between the high- and low-D groups is shown in Figures 6C, D. In addition to CD8+T cells and DCs, we observed that the high-D group had higher infiltration of activated T cells CD4 memory activated, T- cells follicular helper, NK cells activated, and macrophages M1 according to CIBERSORT (P < 0.05). In contrast, the low-D group had higher infiltration of Ts cells CD4 memory resting, T cells regulatory (Tregs), and monocytes and mast cells resting (P < 0.05) (Figure 6C). Similar to this result, we found that a variety of T-cell MCP-counter scores decreased in the low-D group (P < 0.05) (Figure 6D).



Relationship Between the D Score and Predictive Biomarkers for Immunotherapy

Immunotherapy is currently a first-line treatment for lung adenocarcinoma. However, it remains challenging to identify immune resistance and the beneficiary groups. To explore the predictive role of the D value in immunotherapy, we further explored the relationship between the D score and predictive biomarkers for ICIs. First, we found a positive correlation between D scores and TMB (r = 0.30, P < 0.001), which suggests that the lower the D value, the lower the TMB, and the less likely it is to benefit from immunotherapy. In addition, we further explored the association between different patient groups defined by the D score and immune checkpoints. We found that lower mRNA expression levels of PDCD1, CD274, PDCD1LG2, LAG3, TIGIT, and IDO1 were observed in the low-D score patients (Figures 7A–F, P < 0.05). The results also suggest that a lower D value is a good indicator of immunosuppression and a potentially negative biomarker for immunotherapy.




Figure 7 | Relationship between the D score and the expression of immune checkpoint. (A–F) the distribution of mRNA level of PDCD1, CD274, PDCD1LG2, LAG3, TIGIT and IDO1 in high- and low-D score groups.






Discussion

Although ICIs have demonstrated clinical activity in a variety of tumors, resistance of cancer to ICI therapy remains a major clinical problem (15). From a clinical perspective, resistance to PD-(L)1 inhibitors can be classified into three distinct scenarios: primary resistance, secondary resistance, and progression after treatment discontinuation (16). The mechanisms of primary resistance to immunotherapy include tumor-cell intrinsic (for example, absence of antigenic proteins) and tumor-cell extrinsic (for example, absence of T cells and infiltration of immunosuppressive cells) (17), which can interact with each other. Increasing evidence has suggested that identifying immunophenotyping will help predict outcomes of immunotherapy and provide a novel direction for overcoming resistance (18, 19). On the basis of the above, we conducted the present study. Figure 8 is a schematic representation of the findings presented in this article.




Figure 8 | A schematic summarizing the major findings of this study. The TIME of EGFR-mutated NSCLC show an immunosuppressive status with lower TMB, fewer cytotoxic T cells (CTLs) and more myeloid DC (M-DC) cells compared with KRAS-mutated NSCLC. The myeloid DCs increased in EGFR 19del compared with L858R mutation patients, and in common mutation patents compared with uncommon mutations.



In this study, we characterized four aspects to describe the immune landscape of patients with EGFR mutations. The first aspect is the TMB. Previous studies have shown that the TMB is an important criterion for successful immunotherapy. Our findings suggest that the TMB was lower for the EGFR group than for the KRAS group and the whole LUAD. In an open-label, randomized, phase 3 trial (CheckMate 227), the researchers demonstrated longer PFS time in NSCLC patients with a high TMB (defined as ≥10 mut/Mb), regardless of PD-L1 expression or tumor type (HR, 0.58; 95% CI, 0.41–0.81) (20). However, in our study, only 12.5% of the EGFR patients had TMB of >10mut/Mb. Seventy-eight percent of patients in the EGFR group had TMB of <5mut/Mb. This finding partly explains the reason for the poor curative effect in the EGFR-mt group. The second aspect is the ESTIMATE score. The higher the ESTIMATE score, the lower the tumor purity. Our study showed that there were no significant differences in tumor purity among the three groups, which was inferred by using the ESTIMATE purity score. The third and fourth aspects were CIBERSORT and MCP-counter. Both of these tools are mathematical Methods to estimate TILs. A previous study suggested that immune-cell infiltration was associated with antitumor activity. It has been reported that high stromal infiltration of CD8+ ICs and CD4+ ICs was associated with better overall survival by analyzing 139 nivolumab-treated NSCLC simple tumor tissue specimens (21). In our study, compared with KRAS and the whole LUAD group, the TIME in the EGFR mutant patients showed a trend of diminishing activated TILs and increasing numbers of immunosuppressive cells. Some previous experimental studies have reported similar results. Although there are artificial intelligence approaches to calculate the absolute count of immune cells, these Methods and tools are still evolving. At present, the most commonly used Method to quantify the number and type of immune cells is by immunohistochemistry (IHC). A study based on 245 Chinese NSCLC patients showed that lower immune infiltration was associated with EGFR mutations in adenocarcinoma samples through IHC staining of CD8 (22). Similarly, a French study also confirmed this conclusion; the researchers found that the expression of PD-L1 was decreased, and the density of CD8+T lymphocytes was lower in patients with EGFR mutations in lung cancer through IHC. In addition, with the development of technology in recent years, some new technologies, such as Digital Spatial Profiling, have also gradually shown the advantages of quantifying the tumor microenvironment, but it has not been widely used (23). Clinically, our results are also consistent with clinical evidence showing that compared with KRAS-mutant patients, patients with EGFR mutations-mutant are difficult to rarely benefit from immunotherapy (8).

In the era of molecular targeted therapy, different subtypes of EGFR mutations may cause different TKIs sensitivity. However, it remains undetermined if there are differences in the TIMEs and ICI efficacies among different EGFR-mutation subtypes. In a registration study, a total of 125 EGFR-mutation patients treated with ICIs were included. That study showed that different EGFR-patient subgroups had different PFS and OS durations. The median PFS was 1.4 months for patients with T790 single or multiple mutations, 1.8 months for patients with the exon 19del mutation, 2.5 months for patients with the exon21 L858R mutation, and 2.8 months for patients with other mutations (P < 0.001) (24). In the present study, we also observed differences in the immune landscapes among the 19del, 21L85R, uncommon-mutant, and unknown-mutant groups. Through a further inter-group comparison, we found that differences in the TMB and TILs were only found between patients with oncogenic mutations and unknown mutations. No significant differences were observed in the activated immune cells between 19del patients and L858R-mutation patients or between common mutation and uncommon mutation patients. However, the myeloid DCs increased in the 19del group relative to those in the L858R group and in the common mutation group relative to those in the uncommon group. These findings indicated that, from an immunological perspective, oncogenic mutation might be an important factor for cellular immune suppression. Targeting DC therapy may be an interesting future direction for EGFR-mutation patients.

As is known, the tumor microenvironment is a complex and dynamic system formed by stromal, immune, and inflammatory cells and the extracellular matrix (ECM) (18). In our research, to further identify the key immune cells in the TIME, we analyzed the TILs in the KRAS and EGFR groups, including CIBERSORT and MCP-counter results, and we finally determined through inter-group comparisons that activated T cells and resting DCs were the key analysis factors. Various studies have proven the significant functions of T cells in the antitumor process. The role of DCs has been gradually recognized in recent years. Previous studies have shown that DCs are central to the initiation of antigen-specific immunity and tolerance. In the TIME, DCs acquire, process, and present tumor-associated antigens on major histocompatibility complex molecules and provide co-stimulation and soluble factors to shape T-cell responses (25). For the above reasons, we defined D = MCP-counter score of CTLs/MCP-counter score of myeloid DCs. Considering that the MCP-counter score presents as the geoMETric mean of marker gene expression (26), the D value, as a further calculation of the MCP-counter score, might have good clinical application and promotional value by validation through multiple IHC analyses with tyramide signal amplification or DSP technology in the future.

An interesting result of D value analysis was that the differential genes were mainly enriched in the cell cycle pathway when the low-D-score group was compared with the high-D-score group for EGFR-mutation patients. Although previous clinical trials have shown that necitumumab, an anti-EGFR antibody combined with abemaciclib (a CDK4/6 inhibitor), did not produce an additive effect over single-agent activity in patients with stage IV NSCLC, no clinical studies have been conducted to explore the effectiveness of immunotherapy combined with a CDK4/6 inhibitor (22). Some basic studies have established that CDK4/6 inhibitors could enhance T-cell activation and induce a T-cell inflamed TME (23, 24). Based on our analysis results, the combination of ICIs with a cell cycle-related drug may be a potential therapeutic option for EGFR-mutation patients. However, this hypothesis needs to be confirmed.

Mutation features comprise an important signature of LUAD. In addition to classical mutations, some other mutations have gained increasing attention from researchers. Although ICIs have shown promising benefit in NSCLC, the efficacy of ICIs in NSCLC patients with rare mutations remains largely unknown. Previous reports have shown how different mutations affect the microenvironmental phenotype of tumors, which in turn affects the sensitivity of tumors to immunotherapy. For example, the TIME has been shown to have less immune-cell infiltration in STK11-mutation patients who have a worse prognosis after immunotherapy (27). A similar phenomenon was also observed in patients with KEAP1 mutations, despite a high TMB level (28). Our data shows that the D scores of BRAF, ERBB2, MET, or KRAS were very similar, suggesting that they may have similar TIMEs in some ways. On the one hand, this result is consistent with previous real-world study data showing that ICI efficacies against BRAF-, HER2-, MET-, or RET-NSCLC patients were close to the efficacy observed in unselected NSCLC patients (29). On the other hand, our results support the application of ICIs from a TIME viewpoint.

Although immunotherapy has greatly improved the prognosis of patients with lung cancer, screening patients who are potentially effective or resistant to treatment remains challenging (30). Through early detection of potential biomarkers, we can choose individualized strategies for patients who may be resistant to immunotherapy, which may help to prolong the survival time (31). In our study, a lower D score was shown to be a new indicator of immunosuppression. This result was further verified by analyzing the TMEs of the high- and low-D groups in the whole LUAD population. Just as we expected, we observed less activated and more resting immune cells in the low-D group through analysis of immune cells. To further clarify the role of the D value in clinical practice, we further investigated the relationship between the D score and the well-studied immunotherapy predictive biomarkers. We found that low-D score patients had significantly lower levels of immune checkpoint gene expression and TMB. These novel findings suggest that the D score may be a predictive biomarker for immunotherapy response. This possibility needs to be confirmed in future prospective clinical studies.

In conclusion, the TIME of EGFR-mt NSCLC was found to be immunosuppressive. Myeloid DCs were higher in EGFR 19del patients than in L858R mutation patients and in common mutation patients than in uncommon mutations. CTLs and DCs have key roles in the TIME and may be potential predictors of immunotherapy efficacy. Certain aspects of the findings require further validation and qualification in a large longitudinal population study in the future.
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Background

Immune checkpoint inhibitors have achieved breakthrough efficacy in treating lung adenocarcinoma (LUAD) with wild-type epidermal growth factor receptor (EGFR), leading to the revision of the treatment guidelines. However, most patients with EGFR mutation are resistant to immunotherapy. It is particularly important to study the differences in tumor microenvironment (TME) between patients with and without EGFR mutation. However, relevant research has not been reported. Our previous study showed that secreted phosphoprotein 1 (SPP1) promotes macrophage M2 polarization and PD-L1 expression in LUAD, which may influence response to immunotherapy. Here, we assessed the role of SPP1 in different populations and its effects on the TME.



Methods

We compared the expression of SPP1 in LUAD tumor and normal tissues, and in samples with wild-type and mutant EGFR. We also evaluated the influence of SPP1 on survival. The LUAD data sets were downloaded from TCGA and CPTAC databases. Clinicopathologic characteristics associated with overall survival in TCGA were assessed using Cox regression analysis. GSEA revealed that several fundamental signaling pathways were enriched in the high SPP1 expression group. We applied CIBERSORT and xCell to calculate the proportion and abundance of tumor-infiltrating immune cells (TICs) in LUAD, and compared the differences in patients with high or low SPP1 expression and wild-type or mutant EGFR. In addition, we explored the correlation between SPP1 and CD276 for different groups.



Results

SPP1 expression was higher in LUAD tumor tissues and in people with EGFR mutation. High SPP1 expression was associated with poor prognosis. Univariate and multivariate cox analysis revealed that up-regulated SPP1 expression was independent indicator of poor prognosis. GSEA showed that the SPP1 high expression group was mainly enriched in immunosuppressed pathways. In the SPP1 high expression group, the infiltration of CD8+ T cells was lower and M2-type macrophages was higher. These results were also observed in patients with EGFR mutation. Furthermore, we found that the SPP1 expression was positively correlated with CD276, especially in patients with EGFR mutation.



Conclusion

SPP1 levels might be a useful marker of immunosuppression in patients with EGFR mutation, and could offer insight for therapeutics.
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Introduction

Lung cancer has become one of the most serious threats to human health, and its global morbidity and mortality rank first among all cancer types (1). Approximately 85% of lung cancers are non-small cell lung cancer (NSCLC), and lung adenocarcinoma (LUAD) accounts for 40%–50% of NSCLC. In China, 50%–60% of patients with LUAD also have epidermal growth factor receptor (EGFR) mutation. Epidermal growth factor receptor-tyrosine kinase inhibitor (EGFR-TKI) targeted therapy has been recommended for treating patients with EGFR sensitive mutations and such therapy has significantly improved survival in advanced NSCLC (2, 3). However, EGFR-TKI resistance has been observed in patients with NSCLC, which is challenging the prognosis of the disease (4).

Recently, immune checkpoint inhibitors (ICIs), represented by programmed cell death-1 (PD-1) and programmed cell death-ligand 1(PD-L1) monoclonal antibodies, have presented a new approach for NSCLC treatment (5, 6). ICIs achieve long-term disease control in patients who have developed an anti-tumor response, by activating the body’s immune system for tumor cell recognition and removal (7). However, ICIs had poor efficacy and adverse effects in patients with EGFR mutation or secondary T790M mutation (8–10).

The IMpower 150 study found that a combination of atezolizumab, bevacizumab, and chemotherapy improved overall survival (OS) in patients with EGFR mutation (11). This study was the first randomized phase III trial of immunotherapy that showed a benefit in patients with EGFR mutation, suggesting that “primary drug resistance” could be reversed. In-vitro studies showed that the non-inflammatory tumor microenvironment (TME) changed in EGFR-mutated NSCLC after partial drug intervention, improving the efficacy of immunotherapy (12). Hence, there might be a connection between the EGFR-mutated NSCLC immune microenvironment and the mechanism of primary resistance to ICIs. Exploring the microenvironment characteristics may improve our knowledge of drug resistance mechanism and offer clues to reversing resistance.

Osteopontin (OPN, encoded by SPP1) is a secreted phosphorylated glycoprotein, which is produced by T, NK and other immune cells, myeloid cells, osteoblasts, bone cells, epithelial cells, etc. (13, 14). It is also a kind of multifunctional cytokine. Previously, we found that lung adenocarcinoma cells induced M2 polarization of macrophages through SPP1, and activation of T cells were observed after SPP1 silencing (15). However, the role of SPP1 mediated immunosuppression in patients with EGFR mutations remains unclear. What is more, the B7 family is important in regulating T cell immune response. PD-1 and B7-H3 (CD276) are both members of B7/CD28 family and had similar effects in TME (16). The up-regulated of CD276 expression can promote immune escaping of tumor cells, including inhibit the proliferation of T cells, reduce the secretion of IFN-γ, tumor necrosis factor-alpha (TNF-α), and other cytokines (16). As a co-inhibitory molecule of T cell, CD276 is an attractive target for cancer immunotherapy (17, 18).

In this study, we explored the TME of patients with EGFR mutation, which has been highlighted for its potential impact on the resistance of ICIs. We analyzed SPP1 expression in LUAD with or without EGFR mutation, and explored its association with clinicopathologic characteristics and patient outcomes. We further evaluated the differences in the tumor-infiltrating immune cells (TICs) in the immune microenvironment between groups with different levels of SPP1 expression, and those with or without EGFR mutation. In addition, the correlation between SPP1 and CD276 for different groups was compared. A study workflow is presented in Figure 1.




Figure 1 | Study workflow.





Materials and Methods


Data Acquisition

LUAD patient datasets were downloaded from The Cancer Genome Atlas (TCGA, https://portal.gdc.cancer.gov/) (19, 20), including transcriptome RNA-seq gene expression profiles (Level 3), and clinical information. A total of 497 tumor tissues and 54 adjacent tissues were included. We compared SPP1 protein expression in 102 normal and 109 cancer tissues, using The Clinical Proteomic Tumor Analysis Consortium (CPTAC, https://proteomics.cancer.gov/programs/cptac) (21, 22). We collected the mutation information of TCGA cohort from UCSC Xena database (https://xenabrowser.net/datapages/) (23), in which there are 472 cases with mutation information available including 409 EGFR wild-type and 63 EGFR mutant cases. Additionally, survival of patients with LUAD was analyzed in relation to SPP1 expression in TCGA and CPTAC databases.



Cox Regression Analysis and GSEA

Univariate and multivariate cox regression analysis was performed in 435 patients (missing clinical information were excluded) to screen factors significantly associated with OS in TCGA. Gene Set Enrichment Analysis (GSEA) (http://software.broadinstitute.org/gsea/) was performed to determine the biological differences and pathways affected by differential expression of SPP1 (one-fourth cutoff) in Gene Set c2(c2.cp. Kegg.v7.0.symbols) and c5(c5.all.v7.0.symbols). The number of random sample permutations was set at 1000. The significance threshold was P < 0.05 and false discovery rate (FDR) < 0.25.



Correlation With TICs and CD276

CIBERSORT(http://cibersort.stanford.edu/) is an immune cell infiltrating assessment analysis tool (24, 25). We assessed the influence of SPP1 expression and EGFR mutation to 22 types of immune cells by CIBERSORT. The filter criteria of each sample is set as the P < 0.05, which indicating that the inferred proportion of each TICs subtype are accurate and suitable for further analysis. We calculated the correlation between different immune cells, and marked those with P < 0.05. xCell is a gene signatures-based method, which performs cell type enrichment analysis from gene expression data for 64 immune and stroma cell types (26). To verify the results of CIBERSORT, we downloaded the results of immune cell abundance in TCGA LUAD by xCell algorithm from TIMER database (http://timer.cistrome.org/) (27). Besides, the correlation between SPP1 and CD276 for different groups was calculated using Spearman correlation coefficients.



Statistical Analysis

Statistical analysis of data from TCGA and CPTAC were performed using R-3.6.1. The independent samples t-test or Wilcoxon’s rank sum-tests were used to compare continuous variables between two groups. Kruskal-Wallis one-way analysis of variance followed by a posthoc Kruskal-Dunn test with BH’s method for adjusting for multiple comparisons. Prism8 software was used to plot the survival curves using the Kaplan-Meier method, and the log-rank test was used to compare the survival curves. Uni- and multi-variate analyses were performed using Cox proportional hazard models, where P < 0.05 was considered statistically significant. The correlation between SPP1 and CD276 was calculated using Spearman’s correlation coefficient (R), with P < 0.01 was considered statistically significant.




Results


SPP1 Expression and OS Differences

LUAD cohorts consisted of a total of 477 patients in TCGA and 109 patients in CPTAC. The clinical characteristics between low and high SPP1 expression groups were listed in Table 1 and Supplementary Table 1. SPP1 expression was significantly higher in tumor tissues than in adjacent tissues, regardless of RNA or protein level (Figures 2A, B, P < 0.001). SPP1 expression was higher in EGFR-mutated tumor samples than in wild-type samples (Figure 2C, P = 0.017). The median level of SPP1 expression was used to dichotomize patients into high- or low- expression groups, and Kaplan-Meier survival analysis was performed separately for TCGA and CPTAC. Increased SPP1 expression was significantly correlated with poor OS, and the median OS of the TCGA cohort was 4.73 vs. 3.37 (Figure 2D; HR:1.48 95%CI 1.10-2.00; P= 0.009). Median OS was not achieved in CPTAC cohort, but differences were observed (Figure 2E; HR: 3.40 95%CI 1.15-10.08; P = 0.047). In addition, subgroup analysis of TCGA LUAD showed that patients with EGFR mutation in SPP1 high-expression group had a poor prognosis (Supplementary Figure 1A; HR: 1.62 95%CI 0.90-2.93; P = 0.055). There was no difference in survival between wild and mutant EGFR patients in SPP1 low-expression group (Supplementary Figure 1B; HR: 1.17 95%CI 0.56-2.44; P = 0.662).


Table 1 | The clinical characteristics of patients in TCGA.






Figure 2 | SPP1 expression differences and survival outcomes in LUAD. (A) SPP1 RNA expression levels in Normal vs. Tumor samples. (B) Expression of SPP1 protein in Normal vs. Tumor samples. (C) SPP1 RNA expression in EGFR wild-type vs. EGFR mutant samples. (D) Kaplan–Meier survival curves for high and low SPP1 expression groups in TCGA. (E) Kaplan–Meier survival curves for high and low SPP1 expression groups in CPTAC.





Identification of Independent Prognostic Factors

A Cox proportional hazards model including differentiation age, gender, stage, T stage, N stage, EGFR status and SPP1 expression was used. The resulted of univariate and multivariate analysis revealed that different SPP1 expression in patients was significantly associated with OS. Moreover, early tumor stage, and T stage are also the independent factors of favorable prognosis (Figures 3A, B).




Figure 3 | SPP1 was an independent prognostic biomarker in TCGA. (A, B) Univariate and Multivariate Cox analysis of SPP1 expression and other clinicopathological factors.





SPP1 Expression Mediates Immune Escape

To interrogate potential signaling pathways related to SPP1 gene in LUAD, we used GSEA analysis (Figure 4). We found that the high SPP1 expression group was significantly associated with extracellular matrix (ECM) receptor interaction (NES = 1.737, P = 0.028), Fc gamma r mediated phagocytosis (NES = 1.813, P = 0.010), glycolysis and gluconeogenesis (NES = 1.770, P = 0.006), and the Toll like receptor (TLR) signaling pathway (NES = 2.025, P < 0.001). Meanwhile, GO analysis showed that the high SPP1 expression group was positively associated with integrin-mediated cell adhesion (NES = 2.008, P < 0.001), interleukin 6 production (NES = 1.960, P < 0.001), Nik Nf-Kappa B (NF-κB) signaling (NES = 1.961, P = 0.044), and phagocytosis (NES = 2.043, P < 0.001).




Figure 4 | GSEA for high and low SPP1 expression samples.





Effect of SPP1 on TME

Previous analyses suggested that TICs could be markers of response to ICIs in several cancers (28). In this study, we examined how EGFR mutation and SPP1 expression are related to immune infiltration in LUAD. TCGA LUAD tumor samples (n = 477) were analyzed by CIBERSORT and 368 cases in the wild-type group and 63 cases in the mutant group met the CIBERSORT screening criteria. The results showed that EGFR mutations contribute to reducing the infiltration of CD4+ T cells, CD8+ T cells, M1 macrophages and other immune effector cells in the TME (Figure 5A). Taken together, these results indicate that EGFR mutations confer immunosuppressive effects. Additionally, 207 cases in the SPP1 low-expression group and 233 cases in the SPP1 high-expression group met the screening criteria. The results show that high SPP1 expression may play a role in regulating macrophage polarization to the M2 phenotype, reducing TICs such as CD8+ T cells, B cells, follicular helper T cells, NK cells, and activated dendritic cells (Figure 5B). These results support the contentions that SPP1 promotes host tumor immune tolerance and immune escape. The correlation heat map (Figure 5C) reveals that the different TIC subpopulations are weakly or moderately correlated. Subgroup analysis showed that the proportion of CD8+ T cells infiltration was the highest in patients with wild-type EGFR in SPP1 low-expression group, and the lowest in patients with EGFR mutation in SPP1 high-expression group (Figure 5D, P < 0.001). The infiltration of M2 macrophages was the most in patients with EGFR mutation in SPP1 high-expression group, and the least in patients with wild type EGFR in SPP1 low-expression group (Figure 5E, P = 0.071).




Figure 5 | SPP1-related immune infiltration alteration. (A) Violin plot showing the ratio differentiation of 22 kinds of TICs in EGFR wild-type and mutant samples. Wilcoxon rank sum was used for the significance test. (B) Violin plot showing the ratio differentiation of 22 kinds of TICs in low and high SPP1 expression groups. (C) The correlation between different TICs subpopulations. (D) Differences in CD8+ T cells infiltration between EGFR mutation and wild-type patients with SPP1 high- or low-expression group. (E) Differences in M2 macrophages infiltration between EGFR mutation and wild-type patients with SPP1 high- or low-expression group.



xCell results showed that the abundance of CD8+ T cells was less (P = 0.009) and M2 macrophages was more (P = 0.073) in patients with EGFR mutation (Figure 6A). There were more CD8+ T cells (P = 0.036) and less M2 macrophages (P = 0.018) in SPP1 low-expression group (Figure 6B). The abundance of CD8+ T cells was the highest in EGFR wild-type patients with SPP1 low-expression group (Figure 6C). M2-type macrophages in SPP1 high-expression group with EGFR mutation was higher than those of the group with SPP1 low-expression and EGFR wild type (Figure 6D, P = 0.073). And we compared CD8 and M2 between the group (SPP1 high and EGFR mutation) and the group (SPP1 low and EGFR wild) in supplement Figure 2. Moreover, we found that the SPP1 expression was positively correlated with CD276, especially in patients with EGFR mutation (Figures 6E–G).




Figure 6 | SPP1 promotes immunosuppressive microenvironment in patients with EGFR mutation. (A) xCell calculated the abundance of CD8+ T cells and M2 macrophages in EGFR wild-type and mutant samples. (B) The abundance of CD8+ T cells and M2 macrophages in different SPP1 expression groups were evaluated by xCell. (C) Differences in CD8+ T cells abundance between EGFR mutation and wild-type patients with SPP1 high- or low-expression group. (D) Differences in M2 macrophages abundance between EGFR mutation and wild-type patients with SPP1 high- or low-expression group. (E) The expression of SPP1 was correlated with CD276 in EGFR wild-type patients at mRNA level. (F) The expression of SPP1 was correlated with CD276 in EGFR mutation patients at mRNA level. (G) The expression of SPP1 was correlated with CD276 at the protein level. *P < 0.05, **P < 0.01.






Discussion

Immunotherapy can eliminate tumor cells through the body’s immune system and bring long-term survival benefits to patients with NSCLC, significantly ushering in a new era of antitumor therapy. EGFR mutation is a predictor of the therapeutic effects of EGFR-TKIs in patients with LUAD (2, 3). However, it was once considered as a marker of immune resistance (9, 29–31). Here, we recognized the characteristics of TICs in LUAD using bioinformatics analysis. The immune-tolerant TME is more likely to correlate with patients harboring EGFR mutation. Additionally, the observed outcomes indicate that SPP1 may be a potential indicator for patients nonresponsive to ICIs.

In this study, we showed that the SPP1 expression is significantly higher in LUAD tumor tissues and in patients with EGFR mutation. Several previous studies showed SPP1 expression is directly related to CD8+ T cell activation (32, 33), and M2 macrophage polarization (15). Consistently, we found that SPP1 expression was negatively correlated with CD8+ T cell numbers and positively correlated with M2 macrophage numbers. By applying two methods for immunocyte enrichment or proportion analysis, we can find that M2 macrophages enriched more (CD8+ T cells enriched less) in SPP1 high group or EGFR mutation group, and the phenomenon seems more obvious in the group with both SPP1 high and EGFR mutation, which indicated that tumors with both SPP1 high and EGFR mutation tend to show immune evasion phenotype. Therefore, we speculate that SPP1 might cause immune resistance in NSCLC with EGFR mutation.

OPN involved in many physiological and pathological processes, including inflammatory, angiogenesis, tumor metastasis, immune suppression in TME (34, 35). GSEA analysis results indicate the involvement of extracellular matrix (ECM) receptor interaction, Fc gamma r mediated phagocytosis, TLR signaling pathway, integrin- mediated cell adhesion, interleukin 6 production, NF-κB signaling, and phagocytosis in the high SPP1 expression group. OPN is an important component of ECM, regulating matrix interactions and cell adhesion (13). It plays a key role in tumor cell migration by interacting with integrins and CD44 (36). The interaction between OPN and CD44 transmembrane glycoprotein suppressed the CD8+ T cell activation and IFN-γ production. OPN regulation by TLR and NF-κB signaling can reshape the immune inflammatory environment (37, 38). IL-6 binds to IL-6R and activates the Janus kinase (JAK)-STAT3 pathway and the JAK-SHP-2-mitogen-activated protein (MAP) kinase pathway via gp130 (39). Previously, it was shown that activation of the JAK/STAT3 pathway can suppress the immune response (40) and that this pathway is activated in patients with EGFR mutation (41). However, it is not clear whether anti-OPN agents, combined with ICIs, can reverse primary resistance in EGFR mutated NSCLC. Therefore, increased SPP1 expression is consistent with a role in immunosuppression, indicating a possible mechanism through which ICIs is ineffective in EGFR-mutated NSCLC.

Pre-clinical studies, involving co-culture of tumor cells and peripheral blood mononuclear cells, show that combined EGFR-TKI and anti-PD-1 antibody therapies do not produce synergistic tumor cell killing effects (42). Multiple clinical studies of EGFR-TKIs combined with ICIs were terminated due to poor efficacy or severe toxicity (43). As a target antibody of vascular endothelial growth factor (VEGF), bevacizumab not only has the effect of anti-angiogenesis, but promotes T cell activation and invasion in tumor tissues (44). Combined with other immunoregulatory drugs, ICIs could be more efficient for the treatment of EGFR-TKI resistance in patients with EGFR mutation. OPN act as an important chemokine and contributes to immune suppression in human colon cancer and other cancers (14, 30). CIBERSORT analysis indicated a significant relationship between SPP1 expression and increased levels of M2 macrophages infiltration, and reduced CD8 + T cell, activated NK cell and activated dendritic cell infiltration. Furthermore, the similarities between CD276 and other immune checkpoints (PD-1/PD-L1, CTLA4) have led to the targeting of CD276 in novel immunotherapy strategy (16, 17). We propose that a combination regimen using anti-OPN and ICIs may be a promising treatment option for LUAD with EGFR mutation, especially with high expression of SPP1. However, further studies should be conducted.

In summary, differences in TICs in patients with EGFR mutation and those with wild-type LUAD may affect the efficacy of ICIs. We observed that LUAD with EGFR mutated have less infiltration of anti-tumor immune cells, including CD8+ T cells, activated CD4+ T cells and M1 macrophages, and increased M2 macrophages infiltration. However, SPP1 likely has an essential influence on TICs, though combined with anti-OPN therapy, has the potential to reverse immune resistance in LUAD with EGFR mutation.
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Supplementary Figure 1 | Effects of EGFR mutation and wild-type on prognosis of LUAD in different SPP1 expression groups in TCGA database. (A) Prognosis comparison of EGFR wild-type and mutant patients in SPP1 high expression group. (B) Prognosis comparison of EGFR wild-type and mutant patients in SPP1 low expression group.

Supplementary Figure 2 | CD8+ T cells and M2 macrophage differed between groups with high SPP1 expression and EGFR mutation and those with low SPP1 expression and wild-type EGFR. (A) Differences in CD8+ T cells infiltration calculated by CIBERSORT between SPP1 high-expression with EGFR mutation and SPP1 low-expression with EGFR wild type. (B) Differences in M2 macrophages infiltration calculated by CIBERSORT between SPP1 high-expression with EGFR mutation and SPP1 low-expression with EGFR wild type. (C) The difference in CD8+ T cells abundance assessed by xCell was compared between the group of SPP1 high-expression with EGFR mutation and SPP1 low-expression with EGFR wild type samples. (D) The difference in M2 macrophage abundance assessed by xCell was compared between the group of SPP1 high-expression with EGFR mutation and SPP1 low-expression with EGFR wild type samples.
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Background

At present, there is a lack of studies focusing on the survival prediction of patients with non-small cell lung cancer (NSCLC) receiving atezolizumab in light of gene mutation characteristic.



Methods

Patients with NSCLC receiving atezolizumab from the OAK study were defined as the training group. LASSO Cox regressions were applied to establish the gene mutation signature model to predict the overall survival (OS) rate of the training group. NSCLC patients receiving atezolizumab from the POPLAR study were defined as the testing group to validate the gene mutation signature model. In addition, we compared the OS rate between patients receiving atezolizumab and docetaxel classified according to their risk score based on our gene mutation signature model.



Results

We successfully established a 5-genomic mutation signature that included CREBBP, KEAP1, RAF1, STK11 and TP53 mutations. We found it was superior to the blood tumor mutation burden (bTMB) score and programmed death ligand 1 (PDL1) expression in the prediction of the OS rate for patients receiving atezolizumab. High-risk patients receiving atezolizumab had a worse OS rate compared with low-risk patients in the training (P = 0.0004) and testing (P = 0.0001) groups. In addition, low-risk patients using atezolizumab had a better OS rate compared with those in use of docetaxel for the training (P <0.0001) and testing groups (P = 0.0095). High-risk patients of the training group (P = 0.0265) using atezolizumab had a better OS rate compared with those using docetaxel. However, the OS difference between atezolizumab and docetaxel was not found in high-risk patients from the testing group (P = 0.6403). Multivariate Cox regression analysis showed that the risk model in light of 5-genomic mutation signature was an independent prognostic factor on OS for patients receiving atezolizumab (P <0.0001). In addition, significant OS benefit could only be found in low-risk patients receiving atezolizumab compared with docetaxel (P <0.0001).



Conclusions

The 5-genomic mutation signature could predict OS benefit for patients with NSCLC receiving atezolizumab. Therefore, the establishment of the 5-genomic mutation panel will guide clinicians to identify optimal patients who could benefit from atezolizumab treatment.





Keywords: atezolizumab, gene mutation, non-small cell lung cancer, survival, PD-L1 inhibitor



Introduction

Atezolizumab, an immune checkpoint inhibitor, is an immunoglobulin G1 monoclonal antibody that binds to programmed death ligand 1 (PD-L1) and blocks its interactions with programmed death 1 and B7.1 receptor (1). At present, atezolizumab plays an important role in the treatment of non-small cell lung cancer (NSCLC) patients, gradually shifting from the second to the first line of treatment. Importantly, the tumor mutational burden (TMB) score and PDL1 expression have become key markers of the clinical benefits of patients receiving atezolizumab. Indeed, TMB in blood (bTMB) was identified as a biomarker for patients that improve upon atezolizumab treatment (2). The POPLAR study also found that improvements in the survival rates were associated with PDL1 expression on tumor cells and tumor-infiltrating immune cells, suggesting that PDL1 expression is can predict benefits derived from atezolizumab treatment (3). However, it is worth noting that the benefits of atezolizumab are comparable with those of chemotherapy based on these markers. In fact, increased overall survival (OS) rates were not obtained for patients receiving atezolizumab with a high bTMB score compared with those with low bTMB score from both the OAK and POPLAR studies (2, 4). A recent study even showed that advanced NSCLC patients with low TMB might have better OS than those with medium TMB (5). Therefore, it is very important to identify markers for the prediction of patients with NSCLC that could benefit from atezolizumab treatment.

Several studies have focused on the relationship between specific gene mutations and the effect of immunotherapy. A series of gene mutations such as STK11, KEAP1, POLD1/POLE, and TERT were found to influence the outcomes of patients receiving immunotherapy (6–10). Thus, we speculated that the establishment of a specific gene mutation signature could distinguish survival differences for patients receiving atezolizumab. In our study, we first established the gene mutation signature model able to predict OS rate based on the OAK study. Then, the gene mutation signature model was validated using data from the POPLAR study. Our study would be beneficial to guide the treatment of NSCLC patients receiving atezolizumab. It would also render the treatment strategy more individual-oriented.



Methods


Patient Data

The data of our study was obtained from a previous study (2). Our study was based on POPLAR and OAK studies, the two independent clinical trials. The POPLAR study is a multicentre, open-label, phase 2 randomized controlled trial to compare atezolizumab with docetaxel for patients with previously treated NSCLC (3). The OAK study is the first randomized phase 3 study reporting results of atezolizumab treatment, which resulted in a clinically relevant improvement of OS versus docetaxel in previously treated NSCLC (11). These relevant studies and data have been published, thus informed consent and ethical committee approval were not warranted.



Study Design

This study was divided into the training group and the testing group as shown in Figure 1. Patients with synonymous mutations, which are that sometimes a mutation of a base pair in a DNA fragment does not change the encoded amino acid, were excluded. The synonymous mutations have been defined in published data (2). A total of 321 patients receiving atezolizumab were included from the training group (OAK study) and 105 patients were included from the testing group (POPLAR study). LASSO Cox regression model was used to predict prognosis-related markers from the training group. Then leave one out cross validation was applied to select five optimal gene mutation types to construct a risk sore evaluation model. The risk score was calculated according to the formula: Σi ωi χi where ωi is the coefficient and χi is the expression value of each respective gene. The optimal cutoff to distinct high- and low-risk was estimated through time-dependent ROC curves. OS was regarded as the main endpoint of our study.




Figure 1 | Research and design flow chart.





Statistical Analysis

The Kaplan–Meier curve was constructed to compare the OS difference, and the log-rank was used to perform the statistical analysis. Multivariate Cox regression analysis was applied to develop the subgroup analysis based on clinical variables. The construction of the risk score model was based on R 3.4.2. The figures were drawn using GraphPad Prism version 6.0. All P-values were two-tailed, and P <0.05 was considered statistically significant.




Results


Construction of a Genetic Mutation Signature to Predict the Survival of Patients Receiving Atezolizumab

A total of 321 NSCLC patients receiving atezolizumab from the OAK study were included in the analysis to establish the gene mutation signature. To achieve better stability and accuracy, we constructed the trend diagram of the lasso coefficient, and found a 5-genomic mutation signature obtained from 10 cross validations that could predict survival (Figures 2A, B). In addition, the time-dependent receiver operating characteristic (ROC) curve was applied to confirm the optimal cutoff value (0.08990467) to divide patients in high- and low-risk (Figure 2C). Based on the above screening, the five optimal gene mutations were: CREBBP, KEAP1, RAF1, STK11 and TP53 (Figure 2D). The detailed risk score is presented in Supplementary Material 1.




Figure 2 | Construction of gene mutation signature to predict survival. (A) Trend graph of LASSO coefficients. (B) Partial likelihood deviation map. (C) Time dependent ROC curve. (D) 5 gene mutation types and matched coefficient.





Difference in bTMB Score and PDL1 Expression High- and Low-Risk Patients Based on Our Prediction Model

Markers such as bTMB and PDL1 are vital to predict the efficacy of atezolizumab. In our study, we found that high-risk patients in the training group had a higher bTMB score compared with low-risk (high-risk 17.600 ± 1.805 vs low-risk 9.762 ± 0.595; P <0.0001) (Figure 3A). In addition, the PDL1 expression was divided into low (tumor cell (TC) <1%/immune cell (IC) <1%), medium (TC = 1–50%%/IC = 1–5%) and high (TC ≥50%/IC ≥5%) according to a previous study (3). The results showed that the PDL1 expression of high-risk patients was low in 35.29%, medium in 49.02% and high in 15.69% of patients, while for low-risk patients the PDL1 expression was low in 44.03%, medium in 36.94% and high in 19.03% of patients (Figure 3B).




Figure 3 | The difference of bTMB score and PDL1 expression of patients with high and low risk. (A) The difference of bTMB score of patients with high and low risk (P < 0.0001). (B) The difference of PDL1 expression of patients with high and low risk.





The Survival Analysis for the Training Group Based on the Gene Mutation Signature

The survival analysis was used to compare the OS rate of high- and low-risk patients receiving atezolizumab. The results showed that low-risk patients had a better OS rate with a median survival of 15.343 months compared with high-risk patients that had a median survival of 6.308 months (P = 0.0004) (Figure 4A). In fact, the OS benefit of low-risk patients was demonstrated in patients receiving docetaxel from the OAK study (P <0.0001) (Supplementary Figure 1A and Supplementary Material 2). Importantly, bTMB was not a predictor of OS of patients receiving atezolizumab (P = 0.647) (Supplementary Figure 2A). Patients receiving atezolizumab with PDL1 ≥1% also did not present differences in OS compared with those with PDL1 <1% (P = 0.479) (Supplementary Figure 2B). Patients receiving atezolizumab with PDL1 ≥50% showed a 10.5 months median OS benefit compared with those with PDL1 <50% (P = 0.0058) (Supplementary Figure 2C). Importantly, compared with PDL1 and bTMB, our risk model had a higher Hazard Ratio (HR) and C-index to predict the OS of patients receiving atezolizumab (Supplementary Table 1).




Figure 4 | The OS analysis for patients in the training group from OAK study. (A) The OS difference between the high risk and low risk patients receiving atezolizumab (P = 0.0004). (B) The OS difference of high-risk patients between atezolizumab and docetaxel (P = 0.0265). (C) The OS difference of low-risk patients between atezolizumab and docetaxel (P < 0.0001).



Next, we analyzed the OS difference for patients receiving atezolizumab compared with those subjected to docetaxel. The results showed the high-risk patients receiving atezolizumab had a better OS benefit with a median survival of 6.308 months compared with patients receiving docetaxel that presented a 5.355 months survival (P = 0.0265) (Figure 4B). Importantly, the OS benefit of atezolizumab vs docetaxel was more obvious for low-risk patients (P <0.0001) (Figure 4C).



The Survival Analysis for Testing Group Patients Based on the Gene Mutation Signature

We attempted to further verify the feasibility of our prediction model using patients from the POPLAR study as our testing group. First, we screened patients receiving atezolizumab based on the same criteria (Supplementary Material 3). As expected, the results showed that low-risk patients receiving atezolizumab had a better OS (14.817 months) compared with high-risk patients (OS 6.078 months) (P = 0.0001) (Figure 5A). We also screened the patients receiving docetaxel from the POPLAR study (Supplementary Material 4). High-risk patients receiving docetaxel showed no OS benefits when compared to those in use of atezolizumab (median survival: 6.078 months vs 6.242 months, respectively) (P = 0.6403) (Figure 5B). However, low-risk patients receiving atezolizumab showed a better OS benefit with a median survival of 14.817 months compared with low-risk patients receiving docetaxel (median survival of 10.053 months) (P = 0.0095) (Figure 5C). In addition, the OS benefit of low-risk patients was also demonstrated in patients receiving docetaxel (P = 0.0063) (Supplementary Figure 1B).




Figure 5 | The OS analysis for patients in the testing group from POPLAR study. (A) The OS difference between the high risk and low risk patients receiving atezolizumab (P = 0.0001). (B) The OS difference of high-risk patients between atezolizumab and docetaxel (P = 0.6403). (C) The OS difference of low-risk patients between atezolizumab and docetaxel (P = 0.0095).





Subgroup Analysis on OS After Adjusting Clinical Variables for Patients Receiving Atezolizumab Based on Training and Testing Group

Importantly, we conducted multivariate Cox analysis by adjusting clinical variables including age, race, sex, ECOG, Histopathology and smoking history based on the training and testing group. The results showed that risk model based on the 5-genomic mutation signature was an independent prognostic factor for patients receiving atezolizumab (HR: 95%CI: 2.031 (1.528–2.700; P <0.0001) (Table 1). Likewise, we also analyzed the prognostic factors for patients receiving docetaxel, the result also demonstrated that risk model based on the 5-genomic mutation signature was also an independent prognostic factor for these patients (HR:95%CI: 1.995 (1.528–2.604; P <0.0001) (Supplementary Table 2). Importantly, the results of multivariate Cox regression analysis showed that atezolizumab had better OS benefit compared with docetaxel in the low-risk patients (HR:95%CI: 1.572 (1.312–1.883; P <0.0001) (Table 2). However, the positive connection between treatment and OS was not found in high-risk patients in light of same analysis (HR:95%CI: 1.387 (0.980–1.962; P = 0.065) (Table 3). Interestingly, we found there is an obvious interaction between smoking history and treatment in low-risk patients based on training and testing group (P = 0.024) (Table 2).


Table 1 | Univariate and multivariate Cox regression analysis of clinical variables affecting OS for patients receiving atezolizumab based on training and testing group.




Table 2 | Univariate and multivariate Cox regression analysis of clinical variables affecting OS for low-risk patients based on training and testing group.




Table 3 | Univariate and multivariate Cox regression analysis of clinical variables affecting OS for high-risk patients based on training and testing group.






Discussion

The efficacy rate of immunotherapy is relatively low, which has made it imperative to explore markers to predict the efficacy of immunotherapy. It has been commonly acknowledged that high TMB and PD-L1 is associated with improved prognosis. However, there have been some limitations in their prediction of immunotherapy responses. Recently, a growing number of studies have focused on the role of genetic mutations in the prediction of immunotherapy. To explore the impact of genetic mutation on ICI prediction, we therefore developed a risk score model based on gene mutations to predict the OS of patients receiving atezolizumab. The clinical significance of our findings could be seen in three aspects: First, our 5-genomic mutation signature was demonstrated to be a better predictor than PDL1 and bTMB to screen patients who would benefit from atezolizumab; It is also very convenient and economical to detect; More importantly, our 5-genomic mutation signature was able to predict OS rates of patients receiving atezolizumab, which may help clinicians select patients who could benefit more from such therapy.

The 5-genomic mutation signature of our risk score model consisted of mutations in CREBBP, KEAP1, RAF1, STK11 and TP53. CREBBP, which encodes an acetyltransferase, has been frequently found to develop mutations in many tumor types (12–14). At present, there is no literature focusing on the relationship between the CREBBP mutation and immunotherapy outcomes. Only one previous study showed that loss of function of CREBBP resulted in focal depletion of enhancer H3K27 acetylation and aberrant transcriptional silencing of genes that regulate B-cell signaling and immune responses, such as class II MHC (15). HDAC3 inhibition represents a novel mechanism-based immune epigenetic therapy for lymphomas caused by CREBBP mutation (16). KEAP1 is located at 19p13.2, and its protein has three major domains: an N-terminal broad complex, tram track, and the bric-a-brac (BTB) domain; a central intervening region (IVR); and a series of six C-terminal Kelch repeats (17). High-frequency mutations in KEAP1 have been identified in Chinese patients with lung squamous cell carcinoma, while the somatic nonsynonymous mutation of KEAP1 in patients with lung cancer is likely to promote tumorigenesis via activation of the KEAP1/NRF2 antioxidant stress response pathway (18). Our previously study revealed that KEAP1-mutant NSCLC is associated with higher TMB, and also found that the OS was prolonged in NSCLC patients receiving immunotherapy with wild-type KEAP1 compared with a mutant (6). Another study has demonstrated that STK11/KEAP1 mutations may help identify bTMB-high patients unlikely to respond to pembrolizumab (19). Indeed, STK11/KEAP1 mutations are prognostic, not predictive, biomarkers for anti-PD-1/anti-PDL1 therapy (20). Interestingly, we previously analyzed the relationship between STK11 mutation and immune-related prognostic markers and immune microenvironment. The results showed that patients with the STK11 mutation did not benefit from immune checkpoint inhibitors (6).

At present, there are a few studies focusing on RAF1 mutation and no literature reporting the relationship between RAF1 mutation and immunotherapy. In parallel, BRAF mutation was found in lung cancer even though its association with immunotherapy efficacy is controversial (21–23). TP53 mutation is common in patients with lung cancer. Many studies focused on the relationship between TP53 mutation and immunotherapy efficacy. Assoun et al. reported that TP53 mutation was associated with OS benefits in NSCLC patients with advanced non-small cell lung cancer treated with immune checkpoint inhibitor (24). A study from China also demonstrated that TP53 and KRAS mutations in lung adenocarcinoma might serve as a pair of potential predictive factors to guide anti-PD-1/PDL1 immunotherapy (25). Altogether, the relationship between TP53 and immunotherapy still needs further investigation.

We have successfully established a risk model based on the five genomic mutations exposed above. And the risk of death is significantly higher in high-risk cohort compared with low-risk for those receiving atezolizumab. High-risk patients were found to be those with high bTMB and PD-L1, indicating bTMB and PD-L1 were not accurate to distinguish OS for patients receiving atezolizumab. One study led by Nie also demonstrated that advanced NSCLC patients with low tumor mutation burden might derive benefit from immunotherapy (5), as consistent with our study. In fact, we compared the HR of different OS prediction models and found that our 5-genomic mutation signature had a higher HR in both the POPLAR and OAK studies when compared to other prediction models. A higher C-index was also found for our model of 5-genomic mutation signature. These results suggest that our risk score model is a better predictor of OS rate when compared to bTMB and PDL1 expression. However, more data are needed to verify our conclusions.

Another interesting finding is that our risk model could also predict the OS of patients receiving docetaxel. This may be due to the fact that these specific gene mutations are involved in the malignant biological transformation of tumors, which may not be sensitive to treatment. High-risk patients receiving atezolizumab showed a better OS compared with those treated with docetaxel from the OAK study, however, the OS benefit was not found in the POPLAR study. Maybe this is due to the smaller sample size of the POPLAR study. Moreover, there was only a one month OS benefit for high-risk patients receiving atezolizumab compared with those using docetaxel within the OAK study, which may indicate that high-risk patients have limited benefits from atezolizumab. The follow-up multivariate Cox regression analysis further proves our conjecture when combining OAK and POPLAR studies after adjusting clinical variables.

Undeniably, it has to be noted that there are some limitations of our study that need to be addressed. First, all the gene mutation types were obtained by liquid biopsies in our study, which means some gene mutations were lost. If the 5-genomic mutation signature based on liquid biopsies could be successfully verified in the future, then it could have wider clinical applications. Second, the 5-genomic mutation signature based on the OAK and POPLAR cohorts was established only to predict OS benefit for NSCLC patients receiving atezolizumab. Due to the uniqueness of PD1/PDL1 inhibitors, it is necessary to further study whether our risk score model is suitable for other immune checkpoint inhibitors. Last but not the least, we performed a data analysis based on the published OAK and POPLAR cohorts and further verification is needed in the future. And there have been several studies focusing on the role of nutritional and inflammatory indexes in the prediction of survival for patients receiving atezolizumab (26, 27). Our study distinguished from them by centering on genetic mutations. These studies are not contradictory but rather complementary to each other. Despite these limitations, our prediction model for atezolizumab still holds clinical relevance for its superiority in ICI prediction than TMB and PD-L1, as confirmed in the present study.

In conclusion, we successfully established a 5-genomic mutation signature risk score model to predict the OS rate of patients receiving atezolizumab. Importantly, low-risk patients were more likely to benefit from atezolizumab compared with those treated with docetaxel. It would be beneficial to develop a gene mutation panel to guide the treatment of NSCLC patients receiving atezolizumab in the future.
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Supplementary Figure 1 | The OS analysis for patients receiving docetaxel. (A) The OS analysis for patients receiving docetaxel from OAK study (P < 0.0001). (B) The OS analysis for patients receiving docetaxel from POPLAR study. (P = 0.0063)

Supplementary Figure 2 | The OS analysis for patients based on bTMB score and PDL1 expression from OAK study. (A) The OS difference based on different bTMB score (Cutoff=16) (P = 0.647). (B) The OS difference based on different PDL1 expression (Cutoff=1%) (P = 0.479). (C) The OS difference based on different PDL1 expression (Cutoff=50%) (P = 0.0058).
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The treatment sequence of immunotherapy (IO) and epidermal growth factor receptor (EGFR) tyrosine kinase inhibitors (TKIs) is of great importance for the survival of non-small cell lung cancer (NSCLC) patients with EGFR sensitive mutation. Here, we reported an advanced lung adenocarcinoma case concurrent with EGFR sensitive mutation and high PD-L1 expression (>50%) that was administrated with gefitinib firstly, and then became resistant to EGFR-TKI. He received the strategy of immunity-combined chemo-radiotherapy and responded significantly. However, the disease re-progressed after 10 months. Surprisingly, the tumor re-sensitized to gefitinib for 13 months. At final, following the treatment pressure of TKI-IO combination therapy-TKI strategy, tumor clone eventually transformed into small cell lung carcinoma (SCLC). For one thing, our study provided novel approach and extended the treatment spectra of overcoming immunotherapy resistance after EGFR resistance in driver oncogene-mutated NSCLC. For another thing, our case is the first time to report that SCLC transformation can be achieved after gefitinib–pembrolizumab–gefitinib resistance in EGFR sensitive mutation NSCLC, providing a new condition for SCLC transformation.
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Background

Immune checkpoint inhibitors (ICIs) and targeted therapy have revolutionized the therapy landscapes of non-small cell lung cancer (NSCLC) which is the leading cause of cancer death worldwide. The treatment sequence of immunotherapy (IO) and epidermal growth factor receptor (EGFR) tyrosine kinase inhibitors (TKIs) is of great importance for survival of NSCLC patients with EGFR sensitive mutation. There are a few therapies having been approved in driver oncogene-mutated NSCLC after kinase inhibitor resistance. One of the study, IMpower 150, suggested the addition of atezolizumab to bevacizumab and chemotherapy (ABCP) increased PFS benefit for EGFR-TKI-resistant patients when compared with chemotherapy alone (1). However, a significant proportion of patients eventually failed to respond to ICI therapy due to the evolution of secondary resistance (2). As such, the potential treatment strategies when IO combination therapy resistance occurred sequentially after TIK resistance are still lacking. Here, we reported a lung adenocarcinoma case concurrent with EGFR sensitive mutation and high PD-L1 expression (>50%) that progressed with gefitinib, re-progressed after immune-combined chemoradiotherapy, then re-sensitized to gefitinib. Finally, following the treatment pressure of TKI-IO combination therapy-TKI strategy, tumor clone eventually transformed into small cell lung carcinoma (SCLC). For one thing, our study provided a novel approach and extended the treatment spectra of overcoming immunotherapy resistance after EGFR resistance in driver oncogene-mutated NSCLC. For another thing, our case is the first time to report that SCLC transformation can be achieved after gefitinib–embrolizumab–gefitinib resistance in EGFR sensitive mutation NSCLC, providing a new condition for SCLC transformation.



Case Presentation

A 43-year-old male Asian non-smoker underwent surgical resection of lung mass, with a diagnosis of stage IIA lung adenocarcinoma (pT2bN0M0) harboring an EGFR del-19 mutation and high PD-L1 (80.9%) expression in August 2013 (Figure 1A). One year later, he received a second operation for metastasis of mediastinal lymph node and left chest wall. Following that, gefitinib was given for 21 months until clinical resistance when a new nodule in the left residual lung appeared. But genetic testing specimens could not be obtained because it was difficult to have an operation and puncture. Thus, radiotherapy was administrated to control the local tumor. Considering highly expression of PD-L1 in this EGFR TKI resistance patient, eight cycles of pembrolizumab plus pemetrexed were offered, with best response of partial response (PR). The disease progressed again with new metastatic nodules in both lungs. But the multiple lesions were too small to perform a repeated biopsy. Meantime, the patient refused the liquid biopsy. He re-challenged gefitinib for 13 months by himself while drastic response was obtained as PR. When there was a sign of lymphadenopathy recurrence, osimertinib was taken by himself without any clear response. Three months later, the patient was hospitalized due to severe cough and dyspnea. Bronchoscopy was performed and repeated biopsy showed the left lung mass transformed into SCLC while the right remained adenocarcinoma harboring EGFR T790M and cis-C797S mutation in August 2018. Meanwhile, both sides shared the same trunk gene mutations as EGFR 19-del mutation, TP53 and RB1 mutation, with PD-L1 expression changing into negative in both sides. The patient sequentially received etoposide and cisplatin, anlotinib plus gefitinib before multiple metastasis burst out, when biopsies and gene analysis indicated pure SCLC. Finally, he died after one cycle of etoposide and carboplatin plus durvalumab treatment in March 2020.




Figure 1 | Treatment history of our case and schematic diagram of tumor evolution. (A) Clinical treatment history and gene tests results of the patient. Numbers indicate time (in months) from the diagnosis of lung adenocarcinoma (LADC). Scale bar in histopathologic picture indicates 100 μm. (B) Presumed clonal evolution of our case which refers to Lee et al.’s study (3). The horizontal axis suggests the clinical history, and the vertical axis represents tumor volume.





Discussion

Patients with a co-occurrence of high PD-L1 (>50%) and EGFR aberrations were disclosed less than 10% in NSCLC (4). A Japanese retrospective study found PD-1 inhibitors were more beneficial as second-line or later treatment for EGFR-TKI resistant NSCLC patients with high PD-L1 expression (TPS>50%) than patients with low PD-L1 expression (5). At the time of resistance to gefitinib, we offered the intervening treatment immunity-combined chemo-radiotherapy to our patient. Radiotherapy could better control the occurrence and development of local lung lesion. Chemotherapy and immunotherapy could diminish much further the clinical and subclinical tumor by activing anti-tumor immunity. Our patient with EGFR-TKI resistance responded well to IO combination therapy, which was consistent with the previous study (5). Thus, PD-L1 TPS 50% or higher may function a predictive role in immunotherapy efficacy after the kinase inhibitor resistance.

However, some patients evolved inevitably IO resistance due to immunosuppressive tumor microenvironment (Treg and MDSCs, VEGF) and immuno-adaption (2) after which the treatment strategies were lacking. In our case, after sequential resistance to gefitinib and pembrolizumab, the patient re-challenged geifitinib by himself. Although, Metro et al. reported that osimertinib re-challenge after chemotherapy in an EGFR T790M‐positive NSCLC patient was feasible and effective (6). The safety was still uncertain because a research suggested osimertinib immediately after nivolumab increased interstitial lung disease incidence in patients with EGFR+ NSCLC (7). Fortunately, this patient did not present any serious AEs, receiving partial response and stale disease for 16 months since re-challenge of the 1st EGFR-TKI after pembrolizumab resistance. In addition, another study also described 1st or 2nd EGFR TKI immediately after nivolumab was safe and effective (8). As such, we speculated that at least for some patients, re-challenge of the 1st EGFR-TKI may be a feasible and safe way to overcome pembrolizumab resistance in EGFR-TKI resistant patients. The underlying mechanism of gefitinib re-sensitization may be that EGFR-TKI drug-resistant tumor cells were lost in the course of chemotherapy, Then in turn, the TKI-sensitive tumor cells re-grow and re-sensitize to the inhibitor (6). Meanwhile, gefitinib re-sensation may contribute to the relapse of previous EGFR+ tumor cells because of T cell exhaustion after ICI therapy resistance. There might be a synergistic effect of immunity-combined chemo-radiotherapy to get gefinitib re-sensitive. It was a process of tumor cells’ evolution due to tumor heterogeneity. Different treatment methods lead to different tumor sub-clone dominant, so diversity of therapy strategies allows patients to afford durable clinical benefits. But, further investigation is warranted.

After the TKI-IO combination therapy-TKI treatment, the case eventually became fully resistant to TKI. As Dr. Robert A. Gatenby’s game theory illustrated in 2018 in JAMA Oncology (9), under continuous treatment pressure, cancer cells inevitably evolved towards treatment escape and malignancy increase. In our case, on the one hand, genetic testing found p.T790M and C797S in cis mutations in the right bronchus. On the other hand, the tumor histologically transformed into SCLC in the left bronchus. In accordance to the study of Lee et al. (3), repeated biopsies of our patient and genetic tests also revealed clearly during 7 years’ survival how SCLCs clone evolve dynamically early from the LADC clones under treatment pressure, eventually leading to SCLC phenotype evading anti-cancer therapy (Figure 1B and Supplementary Table 1). Furthermore, some previous studies indicated that SCLC transformation only occurred in EGFR-TKI resistant tumors or in LADC without EGFR mutation after ICI therapy resistance (10, 11). Our case is the first to report that SCLC transformation can be achieved after gefitinib–pembrolizumab–gefitinib resistance in EGFR+ NSCLC, providing a new condition for SCLC transformation.
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Purpose

Platinum-based chemotherapy remains the classic treatment option for patients with advanced non-small-cell lung cancer (NSCLC) who progress while receiving treatment with epidermal growth factor receptor-tyrosine kinase inhibitors (EGFR-TKIs). In this study, we analyzed real-world outcomes of treatment with immune checkpoint inhibitors (ICIs) combined with platinum-free chemotherapy in patients with NSCLC after developing resistance to EGFR-TKIs.



Methods

This retrospective study included patients with mutation-positive NSCLC after developing resistance to EGFR-TKIs. Patients who received chemotherapy alone plus ICIs with or without anti-angiogenic drugs (cohort A) or platinum-based chemotherapy (cohort B) between February 2019 and August 2020 were enrolled. Clinical characteristics, EGFR mutation status, response to therapy, and adverse events (AEs) were retrospectively analyzed.



Results

Seventeen patients were eligible and included in the analysis, including 8 in cohort A and 9 in cohort B. After a median follow-up of 7.6 months, the median progression-free survival was 6.5 months [95% confidence interval (CI), 6.1 to 7.0] in cohort A and 3.6 months (95% CI, 1.3–5.8) in cohort B (hazard ratios, 0.22; 95% CI, 0.05–0.93; P = 0.039). The overall response and disease control rates were 50% and 100% in cohort A, and 22% and 89% in cohort B, respectively. Adverse events of grade 3 or higher occurred in 25% of the patients in cohort A and in 33.3% of the patients in cohort B.



Conclusion

ICIs plus platinum-free, single-agent chemotherapy provides promising progression-free survival and overall response rate benefit, along with a low rate of severe AEs in patients with EGFR-TKI-resistant advanced NSCLC.





Keywords: epidermal growth factor receptor gene (EGFR), immune checkpoint inhibitor, immunotherapy, non-small-cell lung cancer, single-agent chemotherapy



Introduction

Lung cancer is the first-leading cause of cancer-related death worldwide (1). The vast majority (85%) of lung cancer cases are non-small-cell lung cancer (NSCLC), and approximately 50% of them harbor epidermal growth factor receptor gene (EGFR) mutations in Asia (2). Multiple clinical studies have confirmed the significant response of patients with EGFR mutation to EGFR-tyrosine kinase inhibitors (EGFR-TKIs) (3). According to the current guidelines, the use of EGFR-TKIs has been recommended for the first-line treatment of advanced NSCLC with EGFR mutation. However, these patients develop resistance to EGFR-TKIs after 9–14 months. Approximately 50% of the patients with resistance to first- and second-generation TKIs have T790M mutations, which can be treated with third-generation TKIs (4). Unfortunately, these patients also develop resistance to third-generation EGFR-TKIs after approximately 1 year. According to the guidelines, chemotherapy is generally selected for follow-up treatment of T790M-negative or T790M-positive patients with resistance to third-generation TKIs; however, the efficacy of this regimen is unsatisfactory.

Immune checkpoint inhibitors (ICIs) offer a survival benefit to NSCLC patients without EGFR mutation, but not to those with EGFR mutations (5). The potential benefits of ICIs to patients with resistance to EGFR-TKIs are currently being explored. A meta-analysis showed that ICI alone does not exert a better effect than chemotherapy for patients who have progressed after treatment with TKIs (6). A phase II study (CT18, NCT03513666) of toripalimab combined with pemetrexed and carboplatin showed favorable efficacy (7). IMpower 150, which enrolled patients with EGFR mutation, demonstrated that ICI combined with chemotherapy and an anti-angiogenic drug prolonged progression-free survival (PFS) versus chemotherapy plus an anti-angiogenic drug (8). However, these two clinical studies also showed higher proportion of grades 3–5 adverse events (AEs).

A study showed that the immunomodulatory effects of pemetrexed or paclitaxel appeared to be reduced when combined with platinum (9). In addition, CheckMate 9LA confirmed that dual immunotherapy combined with limited chemotherapy exerts a good effect (10). The addition of chemotherapy to immunotherapy should not be restricted to the regimen of four courses of platinum-based chemotherapy. Our previous study proposed the concept of “chemo-reform”: the addition of post-reform chemotherapy to immunotherapy, including single-drug chemotherapy (without platinum), platinum alone, low-dose chemotherapy, chemotherapy with adjusted course, or cycle interval–adjusted chemotherapy (11). This retrospective study was designed to assess the efficacy and safety of ICIs combined with single-drug chemotherapy without platinum in patients with EGFR-TKI-resistant advanced NSCLC in a real-world setting.



Patients and Methods


Patients

Eligible patients with incurable NSCLC were treated with ICIs combined with single-drug chemotherapy without platinum, with or without anti-angiogenic treatment (cohort A) or platinum-containing chemotherapy (cohort B) at the First Affiliated Hospital of Guangzhou Medical University (Guangzhou, China) between February 2019 and August 2020. All patients had incurable advanced or metastatic NSCLC [unresectable stage III or IV according to the 8th edition TNM classification (12)]. Patients had to have sensitizing EGFR mutations [exon 19 deletions (Del19); exon 21 L858R mutation (L858R)] detected at the initial biopsy, clinical or radiological progression after at least one treatment with EGFR-TKIs, and no mutations that can be targeted for treatment. There was no upper limit regarding the number of prior treatments with EGFR-TKIs or systemic therapies. This study was approved by the local Ethics Committee of the First Affiliated Hospital of Guangzhou Medical University.



Data Collection and Outcome Assessment

The following information was retrospectively collected from the medical records of the patients: patient demographics, prior treatments with EGFR-TKIs or systemic therapies, lines of immunotherapy, Eastern Cooperative Oncology Group (ECOG) performance status (PS), EGFR mutation type, programmed death-ligand 1 (PD-L1) tumor proportion score (TPS), tumor imaging, tumor response to therapy, and AEs. The ECOG PS was evaluated prior to treatment. PD-L1 expression was tested by anti-human PD-L1 (Dako 22C3) according to the manufacturer’s recommendations, using 4–5 μm formalin-fixed and paraffin-embedded (FFPE) sections. The cutoff value was 1% for PD-L1 positivity or negativity (PD-L1+/−). Tumor response was assessed in accordance with the Response Evaluation Criteria in Solid Tumors (RECIST version 1.1) (13). The objective response rate (ORR) was defined as the percentage of patients who exhibited response (complete or partial). The disease control rate (DCR) corresponds to all cases with complete response (CR), partial response (PR), and stable disease (SD). PFS was defined as the time from therapy initiation to disease progression or death. AEs were graded according to the National Cancer Institute Common Terminology Criteria for Adverse Events, version 4.0.



Statistical Analysis

Continuous and categorical data were summarized as medians (ranges) and frequencies (percentages), respectively. An independent-samples t-test or the Mann-Whitney U test was used to analyze continuous variables. Differences in categorical variables were assessed using either Chi-square (χ2) or Fisher’s exact test. We used the binomial exact method to evaluate the ORR and DCR with 95% confidence intervals (CIs). The Kaplan–Meier method was used to evaluate PFS with 95% CI. Statistical tests were two-sided, and a P-value <0.05 denoted statistically significant difference. Statistical analyses were performed using the IBM SPSS Statistics version 25.0 (Armonk, NY, USA) software.




Results


Patients

In total, 17 patients were eligible and enrolled in the study. Patients’ demographics are summarized in Tables 1 and 2. The median age of all patients was 59 (range: 42–73)years; nine patients (52.9%) were males and 82.4% had never smoked. All patients were adenocarcinoma. EGFR mutation status in the initial biopsy was Del19 and L858R in 11 and 6 patients, respectively. Nine patients were positive for the T790M mutation. Third or later lines were reported in 76.5% of patients, and 11 patients were treated with at least two EGFR-TKIs. For the 14 participants with available PD-L1 TPS values, 6 (42.8%), 4 (28.6%), and 4 (28.6%) patients had TPS values less than 1%, 1–49%, and ≥50%.

Cohort A included 8 (47.1%) patients and cohort B had 9 (52.9%) patients. In the cohort A, 2 patients received ICI combined with single agent chemotherapy and 6 patients received ICI combined with single-agent chemotherapy and anti-angiogenesis therapy. Baseline demographic and disease characteristics were no significant difference between groups (Table 1).


Table 1 | Characteristics of patients at baseline.





Efficacy

A total of 17 patients were evaluable for response. Partial responses were observed in 4 of 8 patients in cohort A and in 2 of 9 patients in cohort B. None of the patients had CR as their best reponse. The confirmed ORR was 50% (95% CI, 16–84) in cohort A and 22% (95% CI, 3–60) in cohort B (P = 0.34; Table 2 and Figure 1). The DCR was 100% in cohort A and 88.9% in cohort B. The overall median follow-up for this analysis was 7.6 months. With 10 events of progression or death, the median PFS was 6.5 months (95% CI, 6.1 to 7.0) in cohort A and 3.6 months (95% CI, 1.3–5.8) in cohort B [hazard ratios (HR) for PFS, 0.22; 95% CI, 0.05–0.93; P = 0.039; Figure 2]. The 6-month PFS rate was 60.0% in cohort A and 16.7% in cohort B. During the follow-up, the median overall survival was not reached.


Table 2 | Characteristics of patients with EGFR-TKIs resistance who received immunotherapy or chemotherapy.






Figure 1 | Maximum percent change from baseline in the sum of the diameter of the longest target lesion according to the Response Evaluation Criteria in Solid Tumors (RECIST) version 1.1 in patients with measurable disease at baseline (A). Positive and negative change in tumor size indicates tumor growth and reduction, respectively. Percent change in target lesion tumor burden from baseline and throughout the course of immunotherapy (B).






Figure 2 | Kaplan–Meier curve for progression-free survival (PFS). CI, confidence interval; HR, hazard ratio.





Safety

A summary of the safety data of all treated patients is shown in Table 3. During treatment, AEs of any grade, regardless of attribution to treatment by the investigator, occurred in all patients. AEs of grade 3 or higher occurred in 25% of the patients in cohort A and in 33.3% of the patients in cohort B. There was no occurrence of toxicity-related deaths. None of the AEs led to discontinuation of treatment with ICIs in cohort A. The most common AEs in cohort A were anemia (75%), constipation (75%), and fatigue (50%), and the most common AEs in cohort B were anemia (77.8%) and decreased neutrophil count (33.3%).


Table 3 | Adverse Events of Any Cause.






Discussion

The results of this study involving patients with advanced NSCLC patients after TKI acquired resistance showed that ICIs plus platinum-free chemotherapy, as compared with platinum-containing chemotherapy, prolonged median progression-free survival by 2.9 months (6.5 vs. 3.6 months).The risk of disease progression or death was 22% lower in cohort A than in cohort B. The ORR was higher in the in cohort A than in cohort B (50% vs. 22%). To our knowledge, this is the first study to demonstrate the efficacy and safety of immunotherapy combined with platinum-free chemotherapy in such patients.

The subsequent therapy of EGFR positive patients after TKI resistance is a conundrum. In vitro, PD-1 inhibitor prolonged the survival of mice with EGFR-mutant lung cancer by enhancing effector T cell function and reducing the level of tumor-promoting cytokines (14). However, previous studies showed ICI monotherapy has no survival benefit than docetaxel in the treatment of TKI resistant NSCLC patients (6), which may be associated with low rates of concurrent PD-L1 expression and CD8(+) TILs within the tumor microenvironment (15). Chemotherapy and immunotherapy had synergistic effects by upregulating PD-L1 expression (16).

Platinum-based chemotherapy is regarded as the standard treatment for EGFR-TKI resistant patients and is an appropriate comparator for this study. Although there were confounding effects compared with historical data, the outcomes of cohort B were consistent with the expectations based on previous studies (17, 18). Also, the outcomes of cohort A were consistent with that reported in the CT18 study (ORR: 50%; median PFS: 7 months) in advanced NSCLC patients received toripalimab combined with chemotherapy after resistance to prior EGFR TKIs (7). Nevertheless, 75% of patients enrolled in our study had received third or later lines of therapy, including four patients with T790M positive and resistance to third-generation TKIs. In the cohort A, 6/8 patients received received ICI plus chemotherapy and anti-angiogenesis therapy, of which 4 cases (66.7%) achieved PR. IMpower150 (8) included patients with EGFR mutation treated with ACP (atezolizumab + carboplatin + paclitaxel) or BCP (carboplatin + paclitaxel + bevacizumab) or ABCP (atezolizumab + carboplatin + paclitaxel +bevacizumab). Our ORR appeared to be numerically higher than those reported in these three subgroups (16% vs. 18% vs. 24%, respectively). The numerically lower PFS in cohort A, compared with that of ABCP group in IMpower150 study, may be explained in part by the inclusion of 2 patients who received ICI-chemotherapy without anti-angiogenic drugs.

The adverse-event profile observed in our study was as expected on the basis of the known events, and no new safety signals were found. The present results reveal that the proportion of grade ≥3 AEs (25%) in cohort A was numerically lower than those reported in the CT18 (55%) (7) and IMpower150 (ACP vs. BCP vs. ABCP, 57% vs. 57% vs. 64%, respectively) studies (8). Additionally, there were no grade 3–5 immune-related AEs recorded in our study. The majority of AEs were resolved or improved and were manageable.

This study had some limitations. Firstly, it was a retrospective study performed in a real-world setting, with potential for bias. We did not perform subgroup analysis due to a small sample size. We are currently conducting relevant prospective clinical studies (NCT04316351, NCT04310943). Secondly, the present findings provide only a narrow time window with limited follow-up of some patients. As a result, we did not calculate OS, and were able to analyze ORR and PFS as measures of short-term efficacy. The follow-up results will provide a more comprehensive analysis.

In conclusion, we showed a clinically meaningful survival benefit and a lower rate of severe AEs in patients treated with ICIs plus “chemo-reform”. These clinically relevant data support the use of immunotherapy combined with single-drug chemotherapy may be a new treatment option for patients with advanced NSCLC after developing resistance to EGFR-TKIs. Prospective clinical studies are needed for further validation.
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Background

Immune checkpoint inhibitors (ICIs) have been clinically proven to be efficient in non-small cell lung cancer (NSCLC). However, it has also been found that immunotherapy is not effective for all patients. For instance, some patients with epidermal growth factor receptor (EGFR) mutation tumors have a low overall response rate to ICIs. As a result, we retrospectively analyzed the efficacy of anti-programmed death-ligand 1 (anti-PD-L1) blockade (atezolizumab) treatment for a patient with EGFR mutation, and we explored the interaction between immunotherapy and EGFR mutations in NSCLC.



Case Presentation

A patient, 62-year-old non-smoking female, with lung adenocarcinoma was initially misdiagnosed as EGFR wild type and received a third-line treatment with atezolizumab, experiencing partial response (PR) and progression-free survival (PFS) for 23 months. She had later been confirmed with EGFR L858R mutation prior to taking atezolizumab. On top of that, the patient developed T790M mutation after being administered with atezolizumab instead of EGFR tyrosine kinase inhibitors (TKIs). She started with osimertinib, although the lesion continued to progress. Tumor mutational burden (TMB), PD-L1 expression, and tumor-infiltrating lymphocytes (TILs) had been tested for further analysis.



Conclusion

The case report and literature review indicate that ICIs might be more effective for L858R mutation than for other EGFR mutant subtypes, which correlates with certain potential predictors such as TMB and concurrent PD-L1 plus CD8+ TIL expression. However, there is no report on progression from non-primary EGFR T790M mutation to T790M mutation of patients who neither previously suffered from EGFR-TKIs nor responded to osimertinib. This case report will offer some information to guide the investigation on how to identify those who can benefit from immunotherapy and those who do not respond to EGFR-TKIs among the patients with EGFR mutations.
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Introduction

Immunotherapy using monoclonal antibodies directed at checkpoint proteins has become the newest treatment modality in lung cancer, including PD-1, programmed death-ligand 1 (PD-L1), and CTLA4 (1). Previous studies have shown better overall survival (OS) with immune checkpoint inhibitors (ICIs) compared with second- or third-line docetaxel (2). Compared with traditional cytotoxic chemotherapy, ICI monotherapy or combination therapy has shown to be a reliable and safe first- and second-line therapy for non-small cell lung cancer (NSCLC) without driver gene mutations (3–6). Thus, National Comprehensive Cancer Network (NCCN) guidelines recommends them as first-line and second-line treatments for NSCLC patients.

However, single-agent ICIs do not appear to have a striking advantage over cytotoxic agents in NSCLC harboring epidermal growth factor receptor (EGFR) mutations (2). As a major molecular subtype in Asian lung cancer patients, EGFR mutation accounts for 40% of lung adenocarcinoma, of which the two most common mutations are exon 19 deletion (60%) and L858R missense replacement (35%) (7). The specific criteria of the choice of EGFR tyrosine kinase inhibitors (TKIs) and ICIs for NSCLC patients with EGFR mutation appear to be the focus and challenge of the current research.

This case report describes a lung adenocarcinoma patient who achieved long progression-free survival (PFS) with an EGFR mutation treated with atezolizumab.



Case Presentation

A 62-year-old non-smoking woman with cough and chest tightness was initially found to have space-occupying lesions in her lungs in a physical examination at another hospital. Then she came to our hospital for further treatment. At this time, she had an Eastern Cooperative Oncology Group (ECOG) performance status of 1. And she had no relevant medical or surgical history. Enhanced CT showed a 3.0 × 3.0 cm mass in the left lower lung with diffuse miliary metastases in both lungs and no distant lymph node metastasis. The clinical stage was T1cN0M1a, and the pathological puncture diagnosis was lung adenocarcinoma in December 2016. She refused the gene test and received first-line treatment: pemetrexed 0.5 mg/m2 d1 + cisplatin 75 mg/m2 d1, q3w, for six cycles from January 2017 to June 2017. From July 2017 to April 2018, pemetrexed was given 0.8 d1, q3w, for nine cycles, and the best response was stable disease (SD) (Figure 1). In May 2018, CT reexamination revealed multiple vertebral metastases in the spine, and the efficacy was evaluated as progressive disease (PD). Therefore, second-line treatment regimen was used: docetaxel 120 mg d1, q21d, five cycles, from May 2018 to September 2018. Then CT reexamination after the end of treatment showed that the response was PD.




Figure 1 | Timeline of disease status and corresponding treatment regimens.



This time, the patient expressed a strong desire for treatment, and we had full discussions with the patient and her family to determine the next step of treatment. On October 22, 2018, we performed genetic testing on the patient using PCR, and the results showed that EGFR, ALK, and ROS1 were all wild types (Figure 2A). Atezolizumab treatment was initiated on November 2, 2018, based on the results of the OAK clinical trial (6) and the guidelines. After two cycles, CT showed partial response (PR) (Figure 3).




Figure 2 | (A) Pathological biopsy on October 22, 2018. (B) Pathological biopsy on November 11, 2020. (C) Lung lesion progression and liver metastasis on October 13, 2020. (D) Lesion progression in March 2021 after osimertinib treatment.






Figure 3 | (A) Chest CT on October 25, 2018. (B) Chest CT on December 21, 2018. The response was partial response (PR).



At cycle 18 of atezolizumab, free triiodothyronine (FT3) decreased to 3.62 pmol/L, and the patient was treated with the addition of levothyroxine sodium tablet 50 μg qd po. Liver metastasis occurred, and lung disease progressed on October 13, 2020 (Figure 2C). PFS was as long as 23 months. The clinical stage at this time was T2aN0M1c. After discussion of the multidisciplinary team (MDT), pathological puncture and genetic testing were conducted again for the patient, and the results showed EGFR L858R and T790M mutations (Figure 2B). Research by Hsu et al. suggested that mutations in EGFR are associated with a higher rate of miliary lung metastases (8); for the sake of precision, we redid genetic testing on the patient’s 2018 pathological specimen using a more accurate next-generation sequencing (NGS) (9), and we found that the patient had the EGFR L858R mutation prior to the use of atezolizumab. Then the patient was treated with osimertinib in view of EGFRT790M, but the follow-up CT until March 2021 showed that the lesion continued to progress (Figure 2D).

In order to explore why the patient responded well to atezolizumab but not to osimertinib, we performed the whole gene test (825 gene) by NGS and immunohistochemistry (IHC). At this time, the patient carried EGFR L858R, T790M, and TP53 R282W mutations; and her plasma sample had a low tumor mutational burden (TMB) of 6.45 muts/Mb. IHC showed PD-L1 tumor proportion score (TPS) <1% (antibody was 22C3), but the expression of PD-L1 in immune cells was 5%. In addition, CD4+ and CD8+ T cells were highly infiltrated (Figure 4).




Figure 4 | (A) Programmed death-ligand 1 (PD-L1) tumor proportion score (TPS) <1%. (B) High infiltration of CD8+ tumor-infiltrating lymphocytes (TILs). (C) Presence of large numbers of CD4+ T cells in the stroma of the tumor. (D) Presence of large numbers of CD8+ T cells in the stroma of the tumor.





Discussion

Atezolizumab, a kind of ICIs, is a humanized monoclonal antibody that can specifically bind to PD-L1 to alter the immune escape mechanism of tumors and plays a role in anti-tumor activity (10). Several clinical trials have shown that ICIs can significantly prolong PFS and OS in tumors, whereas the benefit is limited to patients with EGFR wild type and ALK wild type. The OAK study subgroup showed that the patients with EGFR mutation received similar OS benefit with atezolizumab and docetaxel (6), which is consistent with the results of the CheckMate 057 and Keynote 010 trials (5, 11).

In this case, the patient with EGFR L858R mutation who was not pretreated with EGFR-TKIs was treated with atezolizumab. She obtained an extremely long PFS, although previous studies show different results. Some clinical trials have shown that certain EGFR mutant subtypes of tumors do respond to ICIs; for example, Hastings et al. observed that patients with EGFR L858R mutation receiving immunotherapy showed similar response rates and OS as patients with EGFR wild-type lung cancer, but they had much worse PFS (12). Her longer PFS may be related to some biomarkers. The predictive biomarkers such as PD-L1 TPS in cancer cells and microsatellite instability (13) have been approved by the U.S. Food and Drug Administration (FDA) for determining suitable advanced NSCLC patients that can benefit from ICIs (13). Moreover, other markers, including TMB, tumor-infiltrating lymphocytes (TILs), and other components of tumor microenvironment (TME), are being actively investigated (13). High level of PD-L1 expression, TMB, and CD8+ TIL is associated with benefits of blocking PD-L1 and may lead to better PFS, OS, and response rates (13, 14). In this case, genetic testing and IHC of this patient showed low TMB level and low PD-L1 expression but a high level of CD8+ TILs, which is a beneficial advantage for patient receiving immunotherapy. CD8+ T cell can specifically recognize tumor antigens to kill tumors directly or target cells indirectly by secreting cytokines (15). In addition, previous studies have concluded that the expression of PD-L1 on both dendritic cells and macrophages is in relation to the efficacy of ICIs (16, 17). This patient’s PD-L1 expression in immune cells takes 5%, which might be one of the reasons for the response to atezolizumab. Furthermore, this patient was pretreated with multiline chemotherapeutic agents before receiving atezolizumab. Results from the ATLANTIC showed that when durvalumab is used as a third-line treatment or above, NSCLC patients who are with EGFR mutations and have at least 25% of tumor cells with PD-L1 expression could benefit from durvalumab with an objective response rate of 12.2% (9/74 patients, 95% CI 5.7–21.8). The objective response rate in patients accounting for less than 25% of tumor cells with PD-L1 expression is only 3.6% (1/28 patients, 95% CI 0.1–18.3) (18). Therefore, for this patient, further studies are needed to confirm whether NSCLC harboring EGFR L858R mutations with a high degree of CD8+ TILs might benefit from atezolizumab or even obtain longer PFS after having multiline chemotherapy. In addition, the whole gene testing of the patient revealed that she also carried the TP53 R282W mutation, which is considered to be a positive gene (19). Previous studies have found that TP53 mutation increases the expression of PD-L1, thus making patients more likely to benefit from immunotherapy (20). Wu and his team found that TP53 mutations not only triggered these changes but also increased the proportion of CD8+ T cells (21), which is consistent with this case. However, a clinical retrospective study has shown a contrasting result, suggesting that TP53 mutation is negatively correlated with immunotherapy efficacy (22). Therefore, subsequent studies are needed to confirm the correlation between TP53 mutation and immunotherapy and to clarify the relevant mechanisms.

Moreover, T790M mutations are a common resistance mutation, causing about 60% resistance to EGFR-TKIs (23). T790M mutations can be divided into two types—primary or acquired. Acquired T790M mutation is usually the resistant gene after the first or second generation of EGFR-TKIs, and both primary and secondary mutations have shown good responses to osimertinib (a type of third-generation EGFR-TKIs) therapy (24, 25). The patient presented in this report with non-primary EGFR T790M mutation who developed T790M mutation after ICIs rather than EGFR-TKIs, and she had a complete failure to respond to osimertinib. It has not been previously reported whether immunotherapy will induce new EGFR mutations or affect the efficacy of osimertinib. In addition, it is also worth exploring if high CD8+ TILs cause the above effect. A retrospective study conducted by Su et al. reports a high proportion of PD-L1+/CD8+ cases in advanced NSCLC patients who were de novo resistant to first-line EGFR-TKIs. These patients, despite their poor response to EGFR-TKIs, exhibited higher immunogenicity, which, as a result, may benefit from immunotherapy (26). Another retrospective study performed by Yoshiya et al. also found that EGFR-TKIs as first‐line treatment may have less benefit in EGFR-mutated tumors with both high expression of PD-L1 and CD8+ TILs (27). However, in their study, high CD8+ TIL (cohort 4) had longer PFS than low CD8+ TILs (cohort 2) under the same low expression level of PD-L1 can be observed (27). Due to the small sample sizes of these two groups, further studies are needed to be conducted to confirm the relationship between CD8+ TILs and the efficacy of EGFR-TKIs. In addition, it has been reported that the relative EGFR mutation abundance also could affect the therapeutic effect of using EGFR-TKI (28, 29). NGS of plasma performed prior to the application of osimertinib showed a mutation frequency of only 0.9% for EGFR T790M. The results of the study of Wang et al. showed that patients with low T790M mutation frequency are more likely to develop resistance and thus fail to benefit from osimertinib treatment (30).

However, there is one limitation to this case. Due to the insufficient pathological samples of patients saved before immunotherapy, we only performed genetic tests and could not perform IHC, so we did not know the levels of TMB, PD-L1 expression, and TILs before immunotherapy. For our subsequent studies, it is necessary to pay attention to the dynamic changes of biomarkers.



Conclusion

At present, how to select immunotherapy regimens for NSCLC patients with EGFR mutations is still controversial, but it is undeniable that some mutant subtypes do respond to ICIs, which may be due to the different effects of EGFR mutation subtypes on PD-L1 expression, TMB, and TME, thus affecting the efficacy of ICIs. However, we do not know much about whether ICIs or CD8+ TILs affect the EGFR pathway and the efficacy of EGFR-TKIs. We need to further study this, so as to provide reference value for the selection of drug regimens for NSCLC with EGFR mutations in the future.
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Background

Microtubule-associated proteins (MAPs) have been considered to play significant roles in the tumor evolution of non-small cell lung cancer (NSCLC). Nevertheless, mRNA transcription levels and prognostic value of distinct MAPs in patients with NSCLC remain to be clarified.



Methods

In this study, the Oncomine database, Gene Expression Profiling Interactive Analysis (GEPIA) database, and Human Protein Atlas were utilized to analyze the relationship between mRNA/protein expression of different MAPs and clinical characteristics in NSCLC patients, including tumor type and pathological stage. The correlation between the transcription level of MAPs and overall survival (OS) of NSCLC patients was analyzed by Kaplan–Meier plotter. Besides, 50 frequently altered neighbor genes of the MAPs were screened out, and a network has been constructed via the cBioPortal and Search Tool for the Retrieval of Interacting Genes/Proteins (STRING) dataset. Meanwhile, we performed Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis on the expression data of MAPs and their 50 frequently altered neighbor genes in NSCLC tissues. Furthermore, The Cancer Immunome Atlas (TCIA) was utilized to analyze the relationship between MAP expression and the response to immunotherapy. Finally, we used reverse transcription-quantitative polymerase chain reaction (RT-qPCR) to verify the expression of MAPs in 20 patients with NSCLC.



Results

The present study discovered that the mRNA transcription levels of MAP7/7D2 were enriched in NSCLC tissues, while those of the MAP2/4/6/7D3 were lower in NSCLC specimens than those in control specimens. The mRNA transcription level of MAP6 was significantly associated with the advanced stage of NSCLC. Besides, survival analysis indicated that higher mRNA expressions of MAP2/4/6/7/7D3 were correlated considerably with favorable OS of NSCLC patients, whereas increased mRNA expression levels of MAP1A/1S were associated with poor OS. Moreover, the expression of MAP1A/1B/1S/4/6/7D1/7D3 was significantly correlated with immunophenoscore (IPS) in NSCLC patients.



Conclusions

Our analysis indicated that MAP1A/1S could serve as potential personalized therapeutic targets for patients with NSCLC, and the enriched MAP2/4/6/7/7D3 expression could serve as a biomarker for favorable prognosis in NSCLC. Besides, the expression of MAP1A/1B/1S/4/6/7D1/7D3 was closely related to the response to immunotherapy. Taken together, MAP expression has potential application value in the clinical treatment and prognosis assessment of NSCLC patients, and further verifiable experiments can be conducted to verify our results.
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Introduction

Non-small cell lung cancer (NSCLC), a common pathological type of lung cancer (LC), is one of the leading causes of cancer-related death worldwide (1, 2). NSCLC includes lung squamous cell carcinoma (LUSC), lung adenocarcinoma (LUAD), and large cell carcinoma. Meanwhile, patients with NSCLC account for approximately 85% of all LC patients (2). Although there has been substantial advancement in early screening and personalized treatment, the 5-year overall survival (OS) rate of LC remained at 21.2% in the United States (3). Hence, the underlying pathogenesis, prognostic markers, and equivalent targets of NSCLC should be understood and identified to enhance individualized therapeutic methods and associated prognosis. The changes in specific protein-related genes, such as mutations, translocations, deletions, and insertions, may assist in cancer development and tumor genetic regulation. In reality, some studies have demonstrated that microtubule-associated proteins (MAPs) are abnormally expressed in a variety of tumors, such as glioma (4), leukemia (5), and NSCLC (6).

MAP family, a series of proteins that were initially discovered to bind and stabilize microtubules, is generally classified into five groups based on their mode of function: (a) motile MAPs (7, 8), (b) depolymerase MAPs (9), (c) microtubule nucleated MAPs (10), (d) microtubule terminal-binding MAPs (11), and (e) structural MAPs. These MAP family members enhance the stability of microtubules, regulate the relationship between microtubules and other cellular components, and play pivotal roles in a variety of physiological processes, such as the spindle assembly and neuron formation (12, 13).

To date, more than 13 subtypes of MAPs have been recognized in mammalian cells. These proteins have been sequentially numbered, including MAP1A, MAP1B, MAP1S, MAP2, MAP4, MAP6, MAP7, MAP7D1, MAP7D2, MAP7D3 (14). Previous studies have found aberrant expressions and their prognostic value in some members of the MAP family. For instance, MAP4 was considerably overexpressed in LUAD clinical tissues and multiple cell lines (15). High expression of MAP4 was significantly associated with clinical and pathological stages of LUAD. At the same time, MAP2 is expressed explicitly in neuroendocrine carcinoma and relevant tumor cell lines, such as small cell lung cancer and neuroblastoma (15–17). Another study revealed that knockdown of MAP 1B-LC1 can decrease cell migration and invasion during epithelial–mesenchymal transition (EMT) in A549 cells (18). Nonetheless, the underlying mechanism by which MAP-related genes are regulated and the unique functions of MAP members in the development of NSCLC remain to be elucidated.

The relationship between abnormal expression levels of MAP family members and clinicopathologic staging and prognosis of NSCLC patients has been partially reported. Nevertheless, the roles of MAP members in the progression of NSCLC have not been analyzed using bioinformatics techniques. Hence, this study attempted to address this problem by analyzing the mRNA expression and mutations of different MAPs via microarray technology (19) and to identify the therapeutic potential personalized targets and prognostic value of MAPs for NSCLC patients. Meanwhile, the present study also determined the expected signaling pathways and corresponding functions of the MAP mutations as well as their 50 frequently altered neighbor genes.



Materials and Methods


Oncomine Analysis

Oncomine network station (http://www.oncomine.org/) is a tumor bioinformatics database that can provide services to DNA or RNA sequence analyses (20). In this study, transcriptional expressions of 10 different MAPs in diverse cancer tissues were analyzed via the Oncomine datasets. The MAP mRNA transcription levels of different cancer specimens were compared with those in corresponding control specimens. And the differences in the expression levels of MAP mRNA were compared by Student’s t-test. Cutoffs of p-value and fold change of expression levels were as follows: p-value: 0.01, fold change: 1.5, gene rank: 10%.



Gene Expression Profiling Interactive Analysis Dataset

The GEPIA website (http://gepia.cancer-pku.cn/) is a network database which can provide analytical services for the mRNA transcriptional expressions of tumor or normal tissues derived from TCGA and other projects (21). The relationships between mRNA expression of different MAPs family members and the clinical data of NSCLC patients, which involve the tumor types and pathological stages, were analyzed in this GEPIA dataset. The mRNA expression plots in GEPIA were consistent with the Log2(TPM + 1) scale.



Human Protein Atlas

The Human Protein Atlas website (https://www.proteinatlas.org) is a dataset that includes the various protein immunohistochemical patterns for common kinds of tumors and the corresponding different pathological types of these tumors (22). This network database can be utilized to identify specific mRNA/protein expression patterns in given tumors. In this study, the protein expression of different MAP members between human NSCLC and normal tissue specimens was compared directly by immunohistochemistry image.



The Kaplan–Meier Plotter

The potential prognostic value of different MAP members’ transcription levels for patients with NSCLC was evaluated by an online database, Kaplan–Meier Plotter (http://kmplot.com/analysis/) (23). To analyze the correlation between the transcription levels of MAPs with OS of NSCLC patients, cancer specimens were split into two sets on account of median values of MAP mRNA expression (enriched and poor expression groups) and evaluated by Kaplan–Meier survival curves. In this study, the Kaplan–Meier survival plots include information on the hazard ratio (HR), 95% confidence intervals (CIs), and log-rank p-value that can be found in the Kaplan–Meier Plotter webpage. Additionally, the number-at-risk is revealed underneath the Kaplan–Meier survival patterns.



The Cancer Genome Atlas and cBioPortal

The Cancer Genome Atlas (TCGA) (24), a comprehensive project aimed at the prevention of cancer ultimately, included gene sequencing data of diverse human tumors. By selecting Pan-Lung Cancer (TCGA, Nat Genet 2016) dataset containing genetic data from 1,144 case reports, the online tool cBioportal (25) (http://www.cbioportal.org/) was employed to analyze the mutation status of all MAPs in the Pan-Lung Cancer. Genomic profiles in the Pan-Lung Cancer (TCGA, Nat Genet 2016) dataset included somatic mutations and putative copy number alterations from genomic identification of significant targets in cancer (GISTIC).



Extraction and Construction of Neighbor Gene Network

The Search Tool for the Retrieval of Interacting Genes/Proteins (STRING, https://string-db.org/) dataset, an interactive web server, is applicable to visualize, explore, and analyze the interrelationship between different proteins and equivalent genes (26). In this study, 50 frequently altered neighbor genes of the MAP family members were screened out, and a network has been constructed via the STRING dataset. This network of MAPs and neighbor genes provides valuable clues for analyzing the progress of NSCLC. This network pattern of MAPs and neighbor genes was constructed via the STRING website with the following setting: meaning of network edges: confidence; active interaction sources: text mining, experiments, databases, neighborhood; minimum required interaction score: 0.400; maximum number of interactors to show: 2nd shell–no more than 50 interactors.



The Gene Ontology and Kyoto Encyclopedia of Genes and Genomes Analysis

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) were utilized to analyze the expected signaling pathways and corresponding functions of MAP mutations and their 50 frequently altered neighbor genes via the Database for Annotation, Visualization, and Integrated Discovery (DAVID) dataset (27) (https://david.ncifcrf.gov/summary.jsp). Starting from the three directions of biological process (BP), cell component (CC), and molecular function (MF), the expected functions of target gene mutation can be predicted and analyzed by GO analysis. Meanwhile, KEGG tool was exploited to analyze MAP mutations and their 50 frequently altered neighbor genes and to identify the MAP-associated predictive pathways.



The Cancer Immunome Atlas

The Cancer Immunome Atlas (TCIA; https://tcia.at/) is a dataset that contains TCGA data for 20 solid cancers with >8,000 tumor samples and can detect the immunophenoscore (IPS) of tumor samples, which can predict the response to cytotoxic T lymphocyte antigen-4 (CTLA-4) and programmed cell death protein 1 (PD-1) blockers (28). In this study, we got 1,037 IPSs of NSCLC samples via TCIA dataset. Meanwhile, NSCLC samples were divided into high and low expression groups according to the median value of MAPs/IPSs, respectively. In this way, we can analyze the relationships between MAPs and IPSs by the chi-square test and further clarify the correlations between MAPs and the response to immunotherapy.



Tissue Collection

NSCLC tissues and adjacent non-tumor lung tissues were obtained from 20 patients (10 LUAD and 10 LUSC) who had undergone surgical resection of NSCLC during 2010–2013 in West China Hospital (WCH), Sichuan University, China. The patients were diagnosed with NSCLC based on histopathological evaluation. No treatment was performed preoperatively. All tissue samples were immediately snap-frozen in liquid nitrogen and then stored at −80°C until RNA extraction. The non-tumor tissue was located 5 cm from the edge of the tumor. According to the pathologist, no significant tumor cells were found in these areas. The study was approved by the Research Ethics Committee of WCH, Sichuan University, China.



RNA Extraction and Reverse Transcription-Quantitative Polymerase Chain Reaction Analyses

Total RNA was extracted from tissues with the TRIzol reagent (Invitrogen, USA) according to the instructions. A reverse transcription kit (Takara, China) was used for cDNA synthesis. The reverse transcription-quantitative polymerase chain reaction (RT-qPCR) analysis was performed using a standard protocol from Power SYBR Green (Takara, China). The expression of MAPs was normalized using glyceraldehyde-3-phosphate dehydrogenase (GAPDH) as reference. The primers were synthesized by Tsingke (Chengdu, China). The primer sequences used in the studies are shown in Supplementary Table S1. The relative expression level of MAPs was calculated using 2-ΔΔCt method and normalized by log2.




Results


Transcriptional Levels of Diverse Family Members of Microtubule-Associated Proteins in Non-Small Cell Lung Cancer

In order to compare the mRNA transcriptional levels of different MAP members in tumors with those in control specimens, mRNA expression data were accessed and analyzed using the Oncomine database (www.oncomine.org). As shown in Figure 1, mRNA transcription levels of 10 members of MAPs in 20 types of tumors were retrieved and compared with those in normal tissues. Significantly higher mRNA expressions of MAP1A/1B/1S/2/7/7D2 were found in lung cancer specimens in numerous datasets (Figure 1). In this study, mRNA transcription levels of MAPs in NSCLC patients were our main observation object. In the Garber Lung dataset (29), MAP1B overexpression was found in LUSC specimens compared to control specimens with a fold change of 4.108 (p = 3.95E-4). Meanwhile, a 2.384-fold increase in MAP1B mRNA expression was observed in large cell lung carcinoma samples (p = 4E-3). Besides, the Hou Lung dataset (30) revealed a 3.136-fold increase in MAP1B mRNA expression in large cell lung carcinoma tissues (p = 9.06E-6) (Table 1). In the Selamat Lung dataset (31), MAP1S was enriched in LUAD with a 1.786-fold increase (p = 6.09E-17) (Table 1). Similarly, the Su Lung dataset (32) showed another mRNA expression with a boost; that is, MAP2 has a 1.620-fold increase in LUAD specimens compared with control specimens (p = 7.13E-4) (Table 1).




Figure 1 | Transcriptional expression of MAPs in 20 types of tumors (Oncomine database). Differences in mRNA levels of MAPs were compared by Student’s t-test. Cutoffs of p-value and fold change of expression levels were as follows: p-value: 0.01, fold change: 1.5, gene rank: 10%. MAP, microtubule-associated protein.




Table 1 | Differences in transcriptional expression of diverse MAPs between NSCLC and normal lung specimens (Oncomine Database).



Moreover, the Su Lung dataset (32) showed a 1.706-fold increase in MAP7 mRNA expression in LUAD tissues (p = 1.25E-4) (Table 1). Significant upregulation of MAP7D2 was also found in NSCLC specimens compared to normal tissues. The result from the Hou Lung dataset (30) showed that there were 5.453-fold (p = 1.33E-6) in MAP7D2 mRNA expression in large cell lung carcinoma. In contrast, the Okayama Lung dataset (33) revealed a 6.785-fold increase in MAP7D2 mRNA expression in LUAD tissues (p = 4.31E-11) (Table 1).



The Transcriptional Pattern of Microtubule-Associated Proteins in The Cancer Genome Atlas

GEPIA is a newly developed interactive web server for analyzing the RNA sequencing expression data of 9,736 tumors and 8,587 normal samples from TCGA and the GTEx projects using a standard processing pipeline. In order to explore potential personalized therapeutic targets and prognostic value of different MAP members in NSCLC tissues with those in normal specimens, mRNA and protein expression data were accessed and analyzed by Gene Expression Profiling Interactive Analysis (GEPIA) dataset and Human Protein Atlas (https://www.proteinatlas.org). Firstly, utilizing the GEPIA, transcription levels of different MAPs between LUAD, LUSC, and normal lung specimens were compared. The results indicated that the transcription levels of MAP7/7D2 were higher in LUAD and LUSC specimens than those in normal lung specimens, while those of MAP2/4/6/7D3 were just the opposite (Figure 2). MAP2/4/6/7/7D2/7D3 groups significantly varied, whereas MAP1A/1B/1S/7D1 groups did not significantly differ (Supplementary Figure S1). Furthermore, the transcription levels of the MAP4 group in LUAD tissues and the MAP7D3 group in LUSC tissues were not significantly different from those in normal lung specimens (Figure 2). Besides, transcription levels of different MAPs with clinical cancer stage were also analyzed for LUSC and LUAD. The results indicated that the transcription level of MAP6 in NSCLC was significantly varied and correlated with advanced tumor stage (Figure 3).




Figure 2 | Transcription levels of distinct MAPs in LUAD, LUSC, and normal lung specimens (GEPIA). (A) Scatter diagram. (B) Box plot. *p < 0.05. GEPIA, Gene Expression Profiling Interactive Analysis; LUAD, lung adenocarcinoma; LUSC, lung squamous cell carcinoma; MAP, microtubule-associated protein.






Figure 3 | Correlation between MAP expression and cancer stage in NSCLC (GEPIA). GEPIA, Gene Expression Profiling Interactive Analysis; MAP, microtubule-associated protein; NSCLC, non-small cell lung cancer.



After comparing the transcription levels of MAPs in LUAD, LUSC, and normal lung specimens, in the present study, Human Protein Atlas was implemented to examine and measure the protein expression levels of MAPs in LUAD, LUSC tissues, and normal lung specimens. MAP1A protein was not expressed in LUAD, LUSC, and normal lung specimens, as diagrammed in Figure 4. Meanwhile, MAP1B/7D2 proteins were not observed to be expressed in normal lung specimens, while medium expression was shown in LUSC specimens (Figure 4). Similarly, low protein expression of MAP7 was observed in normal lung specimens, while high protein expression was demonstrated in LUAD and LUSC specimens (Figure 4). Furthermore, higher protein expression of MAP1S/2/4/6/7D1/7D3 was expressed in normal lung specimens, while lower protein expression was observed in LUAD or/and LUSC tissues (Figure 4). Taken together, the results derived from the Human Protein Atlas dataset showed that transcriptional and proteinic expression levels of MAP1B/7/7D2 were more enriched in LUAD or/and LUSC specimens than those in normal lung specimens, while those of MAP1S/2/4/6/7D1/7D3 were just the opposite.




Figure 4 | Representative immunohistochemistry images of distinct MAPs in cancer and paratumor tissues (Human Protein Atlas). MAP, microtubule-associated protein.





Prognostic Value of Diverse Microtubule-Associated Proteins in Non-Small Cell Lung Cancer

Furthermore, the Kaplan–Meier plotter was applicable to analyze the correlation between mRNA transcription levels of MAPs and patient prognosis in NSCLC. As Figure 5 shows, most MAPs were significantly correlated with the prognosis of NSCLC. The analysis plots revealed that higher mRNA expression of MAP1A/1S was significantly correlated with shorter OS of NSCLC patients, while that of MAP2/4/6/7/7D3 was just the opposite (Figure 5). Besides, MAP1B/7D1/7D2 mRNA expression levels showed no significant correlation with prognosis of NSCLC patients (Supplementary Figure S2). The above results revealed that the mRNA expression levels of MAP1A/1S/2/4/6/7/7D3 were significantly associated with the prognosis of NSCLC patients, and they might be utilized as possible prognostic markers in NSCLC patients.




Figure 5 | Kaplan–Meier survival curves stratified by seven MAPs, respectively. MAP, microtubule-associated protein.





Expected Signaling Pathways and Corresponding Functions of the Microtubule-Associated Protein Mutations and Their Frequently Altered Neighbor Genes in Non-Small Cell Lung Cancer

After analyzing the prognostic value of different MAPs in NSCLC, the MAP alterations were analyzed by utilizing the cBioPortal dataset (www.cbioportal.org) for NSCLC (Figure 6). The results showed that MAP alterations were present in 324/1144 NSCLC patients (28%) (Figure 6). Next, 50 frequently altered neighbor genes, which were significantly correlated with MAP mutations, and associated networks were further analyzed and constructed via the STRING dataset (Figure 7). The results showed that the Hippo signaling pathway-related genes, including DLG1, DLG2, DLG3, DLG4, RASSF1, and GSK-3β, were significantly associated with MAP alterations (Figure 7).




Figure 6 | MAP gene alterations analysis in LUAD and LUSC (cBioPortal). LUAD, lung adenocarcinoma; LUSC, lung squamous cell carcinoma; MAP, microtubule-associated protein.






Figure 7 | Network of MAP mutations and their 50 frequently altered neighbor genes in NSCLC (STRING). MAP, microtubule-associated protein; NSCLC, non-small cell lung cancer; STRING, Search Tool for the Retrieval of Interacting Genes/Proteins.



Moreover, in the present study, GO and KEGG were utilized to analyze the expected signaling pathways and corresponding functions of MAP mutations and their 50 frequently altered neighbor genes via the DAVID dataset. Proceeding from the three directions of BP, CC, and MF, the expected functions of target gene mutation can be predicted and analyzed by GO analysis (Figure 8). The BPs such as GO: 0022604 (regulation of cell morphogenesis), GO: 0010975 (regulation of neuron projection development), GO: 0007409 (axonogenesis), GO: 0016358 (dendrite development), and GO: 0010769 (regulation of cell morphogenesis involved in differentiation) were remarkably regulated by the MAP mutations in NSCLC (Figure 8). The CCs, including GO: 0005874 (microtubule), GO: 0033267 (axon part), GO: 0043025 (neuronal cell body), and GO: 0150034 (distal axon) were likewise significantly associated with the MAP alterations (Figure 8). Also, MAP mutations prominently affected the MFs, such as GO: 0015631 (tubulin binding), GO: 0008017 (microtubule binding), and GO: 0003779 (actin binding) (Figure 8).




Figure 8 | Gene Ontology (GO) was utilized to analyze the expected functions of MAP mutations and their 50 frequently altered neighbor genes via the DAVID dataset. Starting from the three directions of biological processes (GO: BP), cell components (GO: CC), and molecular functions (GO: MF), the expected functions of target gene mutation can be predicted and analyzed. DAVID, Database for Annotation, Visualization, and Integrated Discovery; MAP, microtubule-associated protein.



Furthermore, in this study, we exploited the KEGG tool to analyze MAP mutations and their 50 frequently altered neighbor genes and to identify the MAP-related predictive pathways (Figure 9). The analysis result indicated that three pathways including has: 04390 (Hippo signaling pathway), has: 05017 (Spinocerebellar ataxia), and has: 05165 (Human papillomavirus infection) were associated with the functions of MAP mutations in NSCLC (Figure 9). As shown in Figure 10, the human papillomavirus infection signal pathway regulated by MAP mutations of NSCLC patients can be predicted using KEGG analysis.




Figure 9 | KEGG pathway analysis tool was utilized to analyze the predicted pathways of MAP mutations and their 50 frequently altered neighbor genes via the DAVID dataset. DAVID, Database for Annotation, Visualization, and Integrated Discovery; KEGG, Kyoto Encyclopedia of Genes and Genomes; MAP, microtubule-associated protein.






Figure 10 | Human papillomavirus infection signal pathway regulated by MAP mutations of NSCLC patients (DAVID). DAVID, Database for Annotation, Visualization, and Integrated Discovery; MAP, microtubule-associated protein; NSCLC, non-small cell lung cancer.





Microtubule-Associated Protein Expression Was Significantly Correlated With Response to Immunotherapy in Non-Small Cell Lung Cancer

Tumor-infiltrating lymphocytes were different in the high and low expression groups of MAPs (Supplementary Figure S3). In order to determine the relationship between MAPs and the response to CTLA-4 and PD-1 blockers, firstly, we calculated the IPS of 1,037 NSCLC samples exported from TCGA database by TCIA (https://tcia.at/) database (Supplementary Material S1 and Supplementary Table S2). Then, the 1,037 NSCLC samples were divided into high and low expression groups according to the median value of MAPs/IPS (Supplementary Tables S2, S3), respectively. Next, the relationships between MAPs and IPS were analyzed by the chi-square test. As Table 2 shows, the expression levels of MAP1A/1B/1S/4/6/7D1/7D3 were significantly correlated with IPS in NSCLC patients. The higher the IPS, the better the response to CTLA-4 and PD-1 blockers (28). Thus, we can conclude that the expression levels of MAP1A/1B/1S/4/6/7D1/7D3 were closely related to the response to immunotherapy.


Table 2 | Correlations between MAPs and IPS (chi-square test).





Reverse Transcription-Quantitative Polymerase Chain Reaction Results Agreed With Gene Expression Profiling Interactive Analysis: MAP7/7D2 Expression Was Higher in Non-Small Cell Lung Cancer Samples Than That in Paratumor Tissues, but MAP2/4/6/7D3 Expression Was the Opposite

Expression profiles of MAPs in 20 pairs of NSCLC samples and paratumor tissues were evaluated using RT-qPCR that was performed by ourselves. Results are given below: MAP7/7D2 expression was higher in NSCLC samples than that in paratumor tissues, but MAP2/4 expression was the opposite. Besides, MAP1A/1B/1S/7D1 expression was similar between NSCLC samples and paratumor tissues (Figure 11; * p < 0.05). Similarly, MAP6/7D3 expression was also lower in NSCLC samples than in paratumor tissues, albeit with no statistical significance achieved (Supplementary Figure S4). All the above results are consistent with the analysis results of GEPIA.




Figure 11 | RT-qPCR analysis of MAP expression in 20 pairs of NSCLC samples and paratumor tissues. *p < 0.05. MAP, microtubule-associated protein; NSCLC, non-small cell lung cancer; RT-qPCR, reverse transcription-quantitative polymerase chain reaction. ns, not significant.






Discussion

Being important components to bind and stabilize microtubules in a variety of physiologies, such as the assembly of spindles during cell division in mammalian cells, MAP family members are implicated in the development of multiple cancers, including NSCLC. Although the MAP family has been ascertained to play critical roles in tumorigenesis and prognosis of a variety of tumors, further bioinformatics analysis of distinct roles of MAP family members in NSCLC remains to be performed. The present study explored the mRNA transcription levels, protein expression levels, and associated prognosis (OS) of diverse members of MAPs in NSCLC patients. Moreover, it is supposed that the findings of the present research might contribute to broadening current knowledge, improving the design of cancer treatments, and improving the accuracy of prognosis in patients with NSCLC.

Results from this research indicated that enriched mRNA transcription and protein expression levels were observed in fractional members of MAP relevant genes, and mRNA expression of MAP members was associated with cancer stages in NSCLC patients. Higher transcription levels of MAP1/1S were significantly correlated with shorter OS in NSCLC, while higher mRNA expression levels of MAP2/4/6/7/7D3 exhibited superiority in OS of NSCLC patients. Besides, the 50 frequently altered neighbor genes, which were significantly correlated with MAP mutations, and associated network were further analyzed and constructed. This study revealed that the Hippo signaling pathway relevant genes, such as DLG1, DLG2, DLG3, DLG4, RASSF1, and GSK-3β, were significantly associated with MAP alterations. Moreover, the results from GO enrichment analysis and KEGG analysis revealed that the BPs such as GO: 0022604 (regulation of cell morphogenesis), CCs such as GO: 0005874 (microtubule), MFs such as GO: 0015631 (tubulin binding), and pathways such as has: 04390 (Hippo signaling pathway) were remarkably regulated by the MAP mutations in NSCLC. Further analysis of TCIA showed that the expression levels of MAP1A/1B/1S/4/6/7D1/7D3 were closely related to the response to immunotherapy. Finally, this study verified MAP7/7D2 expression was higher in NSCLC samples than in paratumor tissues of 20 NSCLC patients, but MAP2/4/6/7D3 expression was the opposite by RT-qPCR.

Among the MAPs, the MAP1 family is the first group of microtubule lattice-binding structural proteins discovered in the body that can interact with actin and microtubules (34). In the human genome, the MAP1 family typically consists of three members, namely, the MAP1A, MAP1B, and MAP1S (35). Recent studies have revealed that when exposed to cisplatin, increased autophagy level of LUAD cells was detected by Western blot analysis of the autophagosome-associated light chain 3 of MAP1A/1B (36). Moreover, the MAP1B has been reported to be a new target in paraneoplastic neuropathy and has a high predictive value for small cell lung cancer (5). In fact, knockdown of MAP1B-LC1 can also decrease cell migration and invasion during EMT in A549 cells (19). And similarly, MAP1S can bridge autophagic components with microtubules and mitochondria in both autophagosomal biogenesis and degradation (37). Another related article shows that the increased expression level of MAP1S could trigger autophagy, thereby inhibiting genomic instability to inhibit tumors (38). The present report indicated that the mRNA transcription level of MAP1A/1B/1S in NSCLC specimens was lower than the transcription level of normal specimens. Furthermore, through GEPIA, the results revealed that there was no significant correlation between mRNA transcription levels of MAP1A/1B/1S and the clinical stage of NSCLC patients. Furthermore, the MAP1 family relevant prognostic prediction of NSCLC patients was determined utilizing the Kaplan–Meier plotter. In NSCLC patients followed for 200 months, higher MAP1A and MAP1S expressions were significantly associated with poorer OS. But to our surprise, there was no significant correlation between the mRNA transcription level of MAP1B and the OS of NSCLC patients.

MAP2 is widely found in neurons and neurogenic tumor cells (39), and its ability to interact with microtubules plays a critical role in neuronal morphogenesis, such as neurite initiation (40). MAP2 is one of the neuronal MAPs that controls the cargo transport in the pre-axonal filtering zone of neurons (41). It has been shown that MAP2 is a valuable diagnostic tool to recognize and diagnose low-grade neuroepithelial neoplasms (17). In fact, MAP2 has been shown to be specifically expressed in neuroendocrine carcinoma and relevant tumor cell lines, such as small cell lung cancer and neuroblastoma (17, 18). In the present study, the results indicated that the mRNA transcription level of MAP2 in NSCLC specimens was lower than the transcription level of normal specimens, and this mRNA transcription level was not associated with the clinical stage of NSCLC patients. Besides, the lower MAP2 mRNA transcription level in NSCLC was significantly associated with a shorter OS.

The expression of MAP4 is ubiquitously observed in non-neural specimens and plays a critical role in microtubule assembly processes in human cells. The researchers found a higher proportion of MAP4 to stathmin mRNA in NSCLC tissues than the above proportion in normal specimens, demonstrating that this proportion might be a potential prognostic marker in NSCLC patients (42). Furthermore, in vitro studies have shown that MAP4 knockdown can effectively prevent cancer cell migration and tumor invasion during tumor development in LUAD (16). Clinical statistical analysis also showed that MAP4 protein could accelerate tumor invasion and cancer cell migration, which are closely related to the progression of LUAD and poor prognosis (16). Another study showed that MAP4 had been identified as a potential prognostic marker for predicting the clinical efficacy of platinum-based chemotherapy in patients with NSCLC through proteomics analysis (7). In the present study, the results indicated that the mRNA transcription level of MAP4 in NSCLC specimens was lower than the transcription level of normal specimens, and this mRNA transcription level was not associated with the clinical stage of NSCLC patients. In addition, in all of the patients with NSCLC, a lower MAP4 mRNA transcription level was significantly associated with a shorter OS.

MAP6 is found highly expressed in several cells, such as neuron and skeletal muscle cells (43, 44). The deletion or abnormal expression of MAP6 gene can lead to a variety of diseases, such as schizophrenia and skeletal muscle dysfunction (44, 45). But, until now, there are still few studies on the correlation between the mRNA transcription level of MAP6 and the corresponding prognosis of NSCLC patients. In the present study, the results indicated that the mRNA transcription level of MAP6 was lower in NSCLC specimens than in normal specimens, but this mRNA transcription level was significantly correlated with the clinical stage of NSCLC patients. The lower mRNA transcription level of MAP6 was significantly correlated with shorter OS in all of the NSCLC patients. The RT-qPCR results verified that the expression level of MAP6 in NSCLC samples was relatively low compared with that in paratumor tissues, although it was not statistically significant, possibly because the sample size was not large enough.

Up to now, four different MAP7 subtypes have been discovered in the human genome, namely, MAP7, MAP7D1, MAP7D2, and MAP7D3 genes (46). Indeed, some studies indicate that MAP7 family proteins can directly or indirectly promote the binding process of Kalinin-1 with microtubules and contribute to the microtubule transport of cellular cargoes (46). Besides, other studies have shown that in cytogenetically normal patients with acute myeloid leukemia (AML), patients with high mRNA transcription levels of MAP7 are correlated with adverse OS compared to those with low MAP7 expression (6). At the same time, MAP7 has also been reported to promote the EMT process of human cervical cancer cells by regulating the autophagy pathway and accelerate the tumor progression of cervical cancer (47). But the correlation between the mRNA transcription level of MAP7 family and the corresponding prognosis of NSCLC patients has not been reported. The results demonstrated that mRNA transcription levels of MAP7 and MAP7D2 were obviously increased in NSCLC tissues, while the mRNA transcription levels of MAP7D1 and MAP7D3 were reversed. Next, more enriched mRNA transcription levels of MAP7/7D3 were significantly associated with favorable OS of NSCLC patients. The RT-qPCR results verified that the expression level of MAP7D3 in NSCLC samples was relatively low compared with that in paratumor tissues, although it was not statistically significant, possibly because the sample size was not large enough.

Although this study explored the relationship between mRNA transcription levels and protein expression levels of different MAPs and associated prognosis in NSCLC patients, it should be noted that there are some limitations in this study. Firstly, there are a large number of MAP family members, but not all of them are included in each database, so this study only discusses MAP members that exist in each database. Secondly, the expression data of MAPs in this study are derived from diverse literature and databases, so the research results may be affected by selection or information bias. Therefore, we need further verification in more clinical and basic studies.



Conclusions

In conclusion, this research systematically analyzed the correlation between the mRNA transcription level of MAP members and the corresponding prognosis/response to immunotherapy of NSCLC patients. The results of the present study revealed that more enriched mRNA transcription levels of MAP2/4/6/7/7D3 were observed to be prominently associated with favorable OS of NSCLC patients, while more enriched mRNA transcription levels of MAP1A/1S were associated with shorter OS. These results implied the high MAP1A/1S expression could serve as potential personalized therapeutic targets for patients with NSCLC, and the high MAP2/4/6/7/7D3 expression could serve as biomarkers for favorable prognosis in NSCLC. Moreover, the expression levels of MAP1A/1B/1S/4/6/7D1/7D3 were significantly correlated with IPS in NSCLC patients. Finally, the expression levels of MAP1A/1B/1S/4/6/7D1/7D3 were closely related to the response to immunotherapy.
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Multiple gene-driven programmed cell death 1 ligand 1 (PD-L1)-expressing non-small-cell lung cancer (NSCLC) is very rare. Previous studies have shown that patients with NSCLC with anaplastic lymphoma kinase (ALK) gene rearrangement rarely benefit from PD-L1 inhibitors. Besides the secondary mutations in ALK gene, other mechanisms might contribute to tumor resistance to ALK tyrosine kinase inhibitors (ALK-TKIs). Herein, we present a case of PD-L1-overexpressing lung adenocarcinoma that harbors both EML4-ALK gene rearrangement and BRAF mutation. In particular, a second molecular analysis after resistance to first- and second-generation ALK-TKIs revealed a high PD-L1 expression and tumor mutation burden. Therefore, treatment with nivolumab monotherapy, an anti-PD-1 inhibitor, was started and the patient achieved complete remission. This case report suggested that PD-1 inhibitors might be an effective treatment option for patients with multiple gene-driven PD-L1-expressing NSCLC harboring ALK gene rearrangement.
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Introduction

Next-generation sequencing has revealed new mechanisms that might contribute to drug resistance to anaplastic lymphoma kinase tyrosine kinase inhibitors (ALK-TKIs) in patients with non-small-cell lung cancer (NSCLC) with ALK gene rearrangement. These mechanisms include secondary ALK mutations and activation of bypass and downstream signaling pathways (1). Different strategies have been applied to overcome crizotinib resistance, including the use of second and third-generation ALK-TKIs for tumors with secondary ALK mutations, and corresponding targeted drugs to address drug resistance caused by activation of bypass or downstream signaling (1). However, additional complex drug resistance mechanisms have not been reported on a large scale; therefore, no standard treatment strategies exist for patients with such resistance mechanisms. Herein, we present a 37-year-old patient with NSCLC with both ALK gene rearrangement and BRAF mutation detected at the time of diagnosis. Programmed cell death 1 ligand 1 (PD-L1) overexpression and bypass and downstream pathway-activating mutations were acquired after disease progression with crizotinib and ceritinib treatments. The patient was switched to nivolumab monotherapy and finally achieved complete remission.



Case Description

A 37-year-old non-smoker patient presented to our department with cough, sputum, and shortness of breath in December 2018. Computed tomography (CT) revealed a mass in the anterior inner basal segment of the left lower lobe with obstructive pneumonia. Lymph node metastasis was also found in the left hilar and mediastinal regions, and pericardial infiltration could not be excluded. Biopsy of the left lower lobe mass suggested a diagnosis of poorly differentiated adenocarcinoma (Figure 1A), and immunohistochemistry (IHC) showed positive expression of ALK (by VENTANA D5F3, Ventana Medical Systems, Inc., Oro Valley, AZ) and PD-L1 (Tumor Proportion Score, TPS=60%, by 22C3 pharmDx assay, Dako, Carpinteria, CA, USA) (Figures 1B, C). The initial DNA-based next-generation sequencing revealed echinoderm microtubule-associated protein-like 4 (EML4)-ALK fusion (v3), BRAF G466A, PIK3CA V344M mutation, and high tumor mutation burden (TMB, 13 Muts/Mb) in the plasma. The patient was finally diagnosed with left lung adenocarcinoma with multiple lymph node metastases (T2N3M0, Stage IIIb) and was treated with crizotinib, the first-generation ALK-TKI, 250 mg twice daily from December 2018. Treatment efficacy was evaluated as a partial remission in June 2019, while CT re-examination in July 2019 indicated an enlarged left lung mass, suggesting disease progression. Therefore, the patient was switched from crizotinib to a second-generation ALK-TKI ceritinib. However, 3 months later, CT showed a continued growth of the primary tumor as well as pericardial infiltration. In addition, simultaneous brain magnetic resonance imaging (MRI) suggested a right frontal lobe metastasis. A needle rebiopsy was performed on the patient’s left lower lung lesion, along with a molecular analysis, ALK and PD-L1 detection. Results revealed a new KRAS G12D mutation, the EML4-ALK fusion was not detected in DNA analysis, but ALK positive expression was seen in IHC. The mutation frequencies of all gene mutations were less than 5% and close to each other (Supplementary Table 1). Additionally, the TMB was still high (14.4 Muts/Mb), and PD-L1 expression increased compared to the pre-treatment values (TPS=90%). IHC assay of CD4 (clone: B468A1, diluted at 1:200, Santa Cruz, Texas, USA) and CD8 (clone 144B, diluted at 1:100, Abcam, Cambridge, UK) expression on T cells showed that CD8 was positive (about 10%), and CD4 was only infiltrated individually (Figures 1D, E). Finally, the patient was switched to PD-1 inhibitor nivolumab monotherapy because he declined chemotherapy. In December 2019, after four cycles of nivolumab treatment, the primary lung lesion and metastatic lymph nodes almost disappeared, and the intracranial lesion decreased in size. Positron emission tomography-CT (PET-CT) showed that all target lesions disappeared in September 2020. Therefore, treatment efficacy was evaluated as complete remission (CR), according to the Response Evaluation Criteria in Solid Tumors version 1.1 (RECIST 1.1). The latest follow-up was in April 2021, suggesting that the patient remained in CR for 7 months and was under continuous treatment with nivolumab. No obvious toxic and side effects were observed during the treatment. The treatment process and radiological evaluation were summarized in Figure 2.




Figure 1 | Histopathological and immunohistochemical staining of the lung tumor tissue sample. (A) Hematoxylin and eosin staining showing a poorly differentiated adenocarcinoma of primary biopsy (400×). (B) IHC staining showed ALK overexpression in 95% tumor cells of primary biopsy (400×). (C) IHC staining showed PD-L1 expression with Tumor Proportion Score 60% of primary biopsy (400×). (D, E) IHC staining CD4 and CD8 expression on T cells of rebiopsy showed that CD8 was positive (about 10%), and CD4 was only infiltrated individually (400×). IHC, immunohistochemical; ALK, anaplastic lymphoma kinase; PD-L1, Programmed cell death 1 ligand 1.






Figure 2 | Time course depicting treatment process and radiological evaluation from 2018 to 2021. The PFS of crizotinib and ceritinib were 7 months and 3 months, respectively. And the duration of nivolumab was 18 months at the time of this report, and the patient is at present still on treatment and is receiving the drug. PR, partial response; PD, progressive disease; CR, complete response; CT, computed tomography; MRI, magnetic resonance imaging; PET/CT, positron emission tomography/computed tomography.





Discussion

Acquired resistance to crizotinib, a first-generation ALK inhibitor, usually emerges one year after treatment onset (2). Previous studies have shown that secondary ALK mutations and bypass or downstream pathway mutations in EGFR, KRAS, ErbB, PIK3CA, and MET contribute to acquired ALK-TKI resistance (1, 3). Second- and third-generation ALK-TKIs have been developed to overcome drug resistance conferred by ALK kinase domain mutations (4, 5). This patient received crizotinib and ceritinib treatments sequentially; however, his progression-free survival (PFS) was less than one year. Although EML4-ALK fusion existed before and after ALK-TKIs treatment, it is worth noting that there were many other bypass and downstream pathway activation mutations at the same time. BRAF mutations exist in 1–3% of patients with lung cancer. The BRAF G466A mutation in the protein kinase domain has been reported in colorectal, lung, and skin cancers. Studies have shown that this mutation can lead to impaired kinase activity; however, it can activate the mitogen-activated protein kinase kinase-extracellular signal-regulated kinase (MEK/ERK) signaling via RAF1 (2, 6). We speculated that BRAF and PIK3CA mutations might lead to the continuous activation of downstream signaling pathways, which could explain the short PFS. Moreover, after disease progression, along with acquiring a new KRAS mutation might lead to continuous activation of the downstream signaling pathways, which might explain the disease progression after switching to ceritinib. In addition, activation of the phosphoinositide 3-kinase (PI3K) signaling pathway can lead to PD-L1 upregulation (7), which has been shown as a major contributor to tumor immune escape (8) and might also explain tumor progression in this patient after ALK-TKI treatment.

Previous studies have shown that ALK rearranged NSCLC patients had low PD-L1 expression and low CD8+ tumor infiltrating lymphocytes (7–9), and TMB is low with fewer non-synonymous mutations (10). In addition, retrospective studies have shown lack of efficacy with single-agent PD-1/PD-L1 inhibitor in ALK rearranged NSCLC (7, 11–13). However, immunotherapy has shown considerable efficacy in patients with KRAS or BRAF non-V600 mutations (11, 14). Since the mutation frequencies of all gene mutations were less than 5% and close to each other, it is difficult to analyze the clonal and subclone distribution of these gene alterations, including ALK. The patient in this report successful benefited from nivolumab may be due to multiple factors rarely co-occurring with ALK rearrangement, including high expression of PD-L1, positive CD8+ tumor infiltrating lymphocytes, high TMB, and co-mutation with KRAS and BRAF.

In conclusion, ALK positive NSCLC with multiple driving mutations, high TMB, PD-L1 overexpression, and CD8+ tumor infiltrating lymphocytes is very rare. The selection of an appropriate therapeutic strategy is very important for this group of patients. The case presented here showed that tumor gene mutations changed with disease progression, suggesting the necessity of large-panel genetic tests in the process of targeted therapy for patients with NSCLC, especially those with disease progression. Moreover, the high efficacy of nivolumab suggested that PD-L1 inhibitors might be a good treatment option for these patients.
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Aim

Insulin-like growth factor-1 receptor (IGF-1R) is one of the main members of the tyrosine protein kinase receptor family. This receptor binds insulin-like growth factor-1 (IGF-1) with a high affinity. IGF-1 is a member of a family of proteins involved in mediating growth and development. However, the correlations of IGF-1 and IGF-1R to prognosis and tumor-infiltrating lymphocytes in different cancers remain unclear.



Method

This research comprehensively analyzed the expression pattern of IGF-1 and IGF-1R and the influence of IGF-1 and IGF-1R on clinical significance in prognosis prediction among 33 types of malignancies using The Cancer Genome Atlas (TCGA) and the Cancer Cell Line Encyclopedia (CCLE) databases. The correlation between IGF-1, IGF-1R, and cancer immunity was explored.



Results

IGF-1 and IGF-1R displayed inconsistent gene expression levels among diverse cancer cell lines. Typically, high expression level of IGF-1 and IGF-1R was detected in most malignant tumors. High expression of IGF-1 was closely bound up with the unfavorable overall survival (OS) for patients in BLCA, CHOL, and LAML upon Cox and Kaplan-Meier analyses. While high expression of IGF-1R was closely bound up with the unfavorable overall survival (OS) for patients in BLCA, LIHC, and LUAD. Furthermore, high expression level of IGF-1 and IGF-1R were closely connected with high degrees of tumor infiltrates, including CD4+ T cell, dendritic cells, and macrophages. In addition, we found that IGF-1 was commonly positively correlated with the expression of gene markers including LAIR1, ICOS, CD40LG, CTLA4, CD48, CD28, CD200R1, HAVCR2, and CD86. Whereas, IGF-1R was commonly positively correlated with the expression of gene markers including NRP1 and CD276. More importantly, IGF-1 and IGF-1R expression were correlated with tumor mutation burden (TMB), microsatellite instability (MSI), mismatch repair (MMR), and DNA methyltransferase (DNMT) of different types of cancers.



Conclusions

The impact of high IGF-1 and IGF-1R on prognosis and immune infiltrates differs across cancer types. Anti-IGF-1R therapy may inhibit tumor growth and contribute to immunotherapy in LIHC and KIRC.





Keywords: pan-cancer, IGF-1, IGF-1R, prognostic biomarker, immunity



Introduction

Insulin-like growth factor 1 receptor (IGF-1R), one of the main members of tyrosine protein kinase receptor family, plays an important role in maintaining the malignant phenotype and tumor anti-apoptosis. Insulin-like growth factor-1 (IGF-1), ligand of IGF-1R, is a kind of growth hormone mainly synthesized in liver. Population studies provide substantial direct and circumstantial evidence that cancer risk and cancer prognosis are influenced by IGF-1 and insulin levels (1). The overexpression of IGF-1 and its receptor IGF-1R have been implicated in carcinogenesis and are also considered risk factors for the progression of diverse human cancers (2–4). On the other hand, studies have proved that anti-IGF-1R monoclonal antibody has potential therapeutic value in diverse cancers (5–7). Researchers have also found that the differentiation of ex vivo-expanded CD34+ cells through manipulation of RAS/MAPK, IGF-1R, and TGF-β signaling pathways is an efficient approach for generating functional NK cells that can be used for cancer immunotherapy (8). However, the correlations of IGF-1 and IGF-1R to prognosis and tumor-infiltrating lymphocytes in different cancers remain unclear. Since cancer is a leading cause of death worldwide, and the low efficacy of many existing therapies is a major clinical challenge, it is essential to understand the prognostic and immunological impact of IGF-1 and IGF-1R among cancer types comprehensively in order to develop novel immunotherapies.

Molecular-level pan-cancer analyses have provided insights into the common features and heterogeneity of various human malignancies. Since the establishment of The Cancer Genome Atlas based on various human cancer samples and normal tissues at epigenomic, genomic, proteomic, and transcriptomic levels, diverse cancer samples are offered so that deeper pan-cancer analysis could be conducted (9). Therefore, we conducted a pan-cancer analysis taking advantage of its large datasets. The analysis aimed to (a) describe the expression of IGF-1 and IGF-1R among different cancer types; (b) assess the prognostic values of IGF-1 and IGF-1R among varied tumors; and (c) evaluate the associations between IGF-1/IGF-1R and tumor immunity features including intratumoral immune infiltrates, checkpoint markers, tumor mutation burden (TMB), and microsatellite instability (MSI), which have been identified as biomarkers for predicting response to immune checkpoint inhibitor treatment (10).



Methods


Patient Datasets and Processing

The Cancer Genome Atlas (TCGA), a milestone of the cancer genomics project, characterizes thousands of primary cancer samples and matched adjacent noncarcinoma samples from 33 types of cancers. In this study, the TCGA level 3 RNA sequencing processed data and the corresponding clinical annotations were acquired using the UCSC cancer genome browser (https://tcga.xenahubs.net, accessed May 2020). The Cancer Cell Line Encyclopedia (CCLE) public project is established through the comprehensive characterization of tremendous human tumor models at both genetic and pharmacological levels (https://portals.broadinstitute.org/ccle). To examine the differential gene expression in cancers at a larger a scale, the CCLE database containing the RNA-sequencing datasets for over 1,000 cell lines (https://portals.broadinstitute.org/ccle) was used in this study. The approval from the Ethics Committee was exempted as only the open-access data were used.



IGF-1/IGF-1R Differential Expression and Survival-Associated Cancers

To compare the gene expression levels between cancer and adjacent noncarcinoma samples, data regarding the gene expression profiles of IGF-1/IGF-1R were extracted from the 33 cancer types in TCGA to from an expression matrix. It is thereafter merged with corresponding clinical information by patient ID. Univariate Cox model was applied in calculating the associations between gene expression levels and patient survival among 33 cancer types, and a difference of p < 0.05 for IGF-1 and IGF-1R in a specific cancer indicated statistical significance. The survival-associated forest plot is also made. Moreover, the Kaplan-Meier (KM) analysis by log-rank test was conducted to compare the overall survival (OS) and disease-specific survival (DSS) for TCGA cancer patients stratified based on the median gene expression level of IGF-1/IGF-1R.



IGF-1/IGF-1R and Tumor Immune Microenvironment

The tumor-infiltrating immunocyte levels among different types of cancers were estimated by Tumor Immune Estimation Resource (TIMER, https://cistrome.shinyapps.io/timer/) (11) and CIBERSORT (12) based on related gene expression data, through deconvolution statistical method. The relationships between each immune infiltrate among 33 cancer types and IGF-1/IGF-1R expression were analyzed.

Estimation of STromal and Immune cells in MAlignant Tumor tissues using Expression data (ESTIMATE) is used to predict tumor purity and the infiltrating stromal cells/immunocytes in tumor tissue based on gene expression profiles (13). The ESTIMATE algorithm produces three scores based on the gene set enrichment analysis (GSEA) of single samples, including stromal score, which determines stromal cells in tumor tissues and immune score, which stands for the immunocyte infiltration level in tumor tissues. In this study, ESTIMATE algorithm is used to estimate the stromal and immune scores in tumor tissues according to corresponding transcriptional data and calculated the correlations of these scores with the expression of IGF-1/IGF-1R.

The relationships between the expression level of IGF-1/IGF-1R and the gene markers in tumor infiltrating immunocytes selected with reference to previous research were further conducted (14, 15). Correlation analysis was conducted to generate the estimated statistical significance and Spearman’s correlation coefficient. The somatic mutation data of all TCGA patients were downloaded (https://tcga.xenahubs.net) in order to calculate TMB scores and MSI scores and explore the correlation of IGF1/IGF-1R with MMR genes and DNMT.



Gene Set Enrichment Analysis

GSEA were performed on IGF-1 and IGF-1R to understand the interrelated biological functions and pathways of IGF-1/IGF-1R. The molecular signature Database (MSigDB) H (hallmark gene sets) collection of chemical and genetic perturbations and KEGG subsets of canonical pathways and cancer modules were employed, and the analysis was completed on Sangerbox (http://sangerbox.com/). Normalized enrichment scores (NES) were used to show GSEA results, accounting for the size and degree to which a gene set is overrepresented at the top or bottom of the ranked list of genes (nominal p-value <0.05 and FDR ≤ 0.25). Bioconductor (http://bioconductor.org/) and R software (http:///www.r-project.org/) were used to visualize the enrichment maps of results.



Statistical Analysis

In the present work, the clinical survival types, including OS and disease-specific survival (DSS), were selected for analysis. Generally, OS is deemed as the duration from the date of diagnosis to the date of death due to any course, DSS is considered disease progression or death due to the disease.

Wilcox log rank test was adopted to determine the presence or absence of a markedly increased sum of gene expression z-scores in cancer tissues compared with adjacent normal tissues. Meanwhile, Kruskal-Wallis test was employed to compare the difference in the expression of IGF-1 and IGF-1R. Survival was analyzed by the KM curves, log-rank test, and the Cox proportional hazard regression model. Spearman’ test was utilized for correlation analysis. The R language (version 3.6.0; R Foundation) was used for all analyses. A two-sided difference of p < 0.05 indicated statistical significance.




Results


Pan-Cancer Expression Landscape of IGF-1 and IGF-1R

Comparison of expression of IGF-1/IGF-1R between normal and tumor samples across TCGA cancer types and the combined datasets based on integrated database of GTEx and TCGA datasets were conducted and shown in Figure 1. Consistent high expression level of IGF-1 could be seen in normal tissues than most types of tumor based on both comparisons, and significant decreased expression of IGF-1 could be seen in tumor samples including ACC, BLCA, BRCA, CESC, CHOL, COAD, ESCA, LAML. LGG, LIHC, LUAD, OV, PRAD, READ, SKCM, STAD, TGCT, THCA, UCEC, and UCS based on the integrated database. Whereas, high expression level of IGF-1R could be seen in most types of tumors than normal tissue based on both comparisons, and significant increased expression of IGF-1R could be seen in tumor samples including BRCA, CHOL, COAD, ESCA, GBM, HNSC, LAML, LGG, LIHC, LUAD, LUSC, PAAD, PRAD, SKCM, STAD, TGCT, and THCA based on the integrated database. Patients with different tumor stage and gender did not differ in the expression of IGF-1/IGF-1R in tumor samples.




Figure 1 | IGF-1/IGF-1R expression levels in different types of human cancers. The expression levels of IGF-1 between tumor and normal tissues were compared in 20 cancer types based on the TCGA database (A) and 27 cancer types based on the integrated database from TCGA and GTEx datasets (B). The expression levels of IGF-1R between tumor and normal tissues were compared in 20 cancer types based on the TCGA database (C) and 27 cancer types based on the integrated database from TCGA and GTEx datasets (D). Consistent high expression level of IGF-1 could be seen in normal tissues than most types of tumor based on both comparisons, and significant decreased expression of IGF-1 could be seen in tumor samples including ACC, BLCA, BRCA, CESC, CHOL, COAD, ESCA, LAML, LGG, LIHC, LUAD, OV, PRAD, READ, SKCM, STAD, TGCT, THCA, UCEC, and UCS based on the integrated database. Consistent high expression level of IGF-1R could be seen in most types of tumor than normal tissue based on the both comparisons, and significant increased expression of IGF-1R could be seen in tumor samples including BRCA, CHOL, COAD, ESCA, GBM, HNSC, LAML, LGG, LIHC, LUAD, LUSC, PAAD, PRAD, SKCM, STAD, TGCT, and THCA based on the integrated database. “*, **, ***” means p < 0.05, p < 0.01 and p < 0.001, respectively.





Correlation of IGF-1/IGF-1R Expression Level and Overall Survival of Cancer Patients

Figures 2 and 3 summarized the results of OS analyses of IGF-1 and IGF-1R expression across the 33 cancer types. In univariate analysis, high expression of IGF-1 in tumor samples correlates with unfavorable prognosis in BLCA (HR = 1.09, p = 0.0012), CHOL (HR = 1.27, p = 0.0011) and LAML (HR = 3.88, p = 0.018); whereas, high expression of IGF-1 correlates with favorable prognosis in SARC (HR = 0.93, p = 0.00063) (Figures 2A–D). Cox regression model confirmed the prognostic impact of IGF-1 in BLCA (p = 4.4e−0.6), CHOL (p = 3.8e−0.2), LAML (p = 7.8e−0.3), and SARC (p = 4.2e−0.2) with the same trend (Figure 2E). On the other hand, high expression of IGF-1R in tumor samples correlates with unfavorable prognosis in BLCA (HR = 1.01, p = 0.045), LIHC (HR = 1.06, p = 0.013), and LUAD (HR = 1.01, p = 0.024); whereas, high expression of IGF-1R correlates with favorable prognosis in KIRC (HR = 0.97, p < 0.0001) and LAML (HR = 0.98, p = 0.0011) (Figures 3A–E). Cox regression model confirmed the prognostic impact of IGF-1R in BLCA (p = 4.0e−0.2), LIHC (p = 1.3e−0.2), LUAD (p = 2.7e−0.2), KIRC (p = 9.3e−0.8), and LAML (p = 3.2e−0.2) with the same trend (Figure 3F).




Figure 2 | Selected Kaplan-Meier plots and forest plot comparing the high and low expressions of IGF-1 on overall survival across different cancers. (A–C) Kaplan-Meier method showed high expression of IGF-1 correlated with unfavorable prognosis in BLCA, CHOL, and LAML. (D) Kaplan-Meier method showed high expression of IGF-1 correlated with favorable prognosis in SARC. (E) Forest plot displaying the impact of high expression of IGF-1 on OS across 33 cancer types using Cox regression model. Confidence level is shown in dashed lines.






Figure 3 | Selected Kaplan-Meier plots and forest plot comparing the high and low expressions of IGF-1R on overall survival across different cancers. (A–C) Kaplan-Meier method showed high expression of IGF-1R correlated with unfavorable prognosis in BLCA, LIHC, and LUAD. (D, E) Kaplan-Meier method showed high expression of IGF-1R correlated with favorable prognosis in LAML and KIRC. (F) Forest plot displaying the impact of high expression of IGF-1R on OS across 33 cancer types using Cox regression model.





Correlation of IGF-1/IGF-1R Expression Level and Immune Infiltrates

Systemic analysis of immune infiltrates in different cancer types could be conducted by using a deconvolution statistical approach to infer tumor-infiltrating lymphocyte (TIL) counts based on gene expression data thanks to TIMER (https://cistrome.shinyapps.io/timer/). In this study, we analyzed the impact of IGF-1 and IGF-1R on the abundance of six immune infiltrates in cancers that harbor prognostic value, which are B cells, CD4+ cells, CD8+ cells, dendritic cells, macrophages, and neutrophils. The correlation between the expression of IGF-1/IGF-1R and the immune infiltration levels across diverse cancer types is derived from TIMER. As for IGF-1, three of the most significant associations were BLCA (Figure 4A), BRCA (Figure 4B), and CHOL (Figure 4C). While for IGF-1R, three of the most significant associations were BLCA (Figure 4D), LIHC (Figure 4E), and PRAD (Figure 4F). TIMER showed that both IGF-1 and IGF-1R are positively correlated with the abundance of CD4+ T cell, dendritic cells, and macrophages.




Figure 4 | Correlation of IGF-1 expression level with immune infiltration level in BLCA, BRCA, and CHOL. Correlation of IGF-1R expression level with immune infiltration level in BLCA, LIHC, and PRAD. (A–C) IGF-1 expression is significantly positively correlated with CD4+ T cell, dendritic cell, and macrophage infiltration in BLCA, BRCA, and CHOL. (D–F) IGF-1R expression is significantly positively correlated with CD4+ T cell, dendritic cell, and macrophage infiltration in BLCA, LIHC, and PRAD.



The ESTIMATE method is developed to calculate the immune and stromal scores of cancer tissues. By adopting the ESTIMATE method, we calculated the immune, stromal scores, respectively. As for IGF-1, three of the most significant correlation according to stromal scores were found in ESCA, GBM, and LGG (Figures 5A–C), while three of the most significant correlation according to immune scores were found in GBM, LGG, and LUSC (Figures 5D–F). As for IGF-1R, three of the most significant correlation according to stromal scores were found in LIHC, LGG, and COAD (Figures 5G–I), while three of the most significant correlation according to immune scores were found in BRCA, KIRC, and LUAD (Figures 5J–L).




Figure 5 | Correlation of IGF-1/IGF-1R expression with estimate score. (A–C) IGF-1 expression significantly correlated with stromal scores in esophageal carcinoma (ESCA), glioblastoma multiforme (GBM), and lower-grade glioma (LGG). (D–F) IGF-1 expression significantly correlated with immune scores in glioblastoma multiforme (GBM), lower-grade glioma (LGG), and lung squamous cell carcinoma (LUSC). (G–I) IGF-1R expression significantly correlated with stromal scores in liver hepatocellular carcinoma (LIHC), lower-grade glioma (LGG), and lung squamous cell carcinoma (LUSC). (J–L) IGF-1R expression significantly correlated with immune scores in breast invasive carcinoma (BRCA), kidney renal clear cell carcinoma (KIRC), and lung adenocarcinoma (LUAD).





Correlation Analysis on Checkpoint Gene Markers

To further explored the potential mechanism of immune inhibition of IGF-1/IGF-1R signaling, the associations of IGF-1/IGF-1R expressions with multiple checkpoint markers were compared across different cancer types (Figure 6). Generally, IGF-1 expression positively correlates with the expression of LAIR1, ICOS, CD40LG, CTLA4, CD48, CD28, CD200R1, HAVCR2, and CD86 in the majority of 33 cancer types (Figure 6A). On the other hand, IGF-1R expression positively correlates with the expression of NRP1 and CD276 in the majority of 33 cancer types (Figure 6B).




Figure 6 | Correlation of IGF-1 (A) and IGF-1R (B) expressions with expression of immune checkpoint genes across 33 cancer types. “*, **, ***” means significant correlation p < 0.05, p < 0.01 and p < 0.001, respectively.





Correlation Analysis on TMB, MSI, MMR, and DNMT

Tumor mutational burden (TMB) is a quantifiable biomarker which is used to reflect the number of mutations contained in malignancies. Microsatellite instability (MSI) refers to the occurrence of new microsatellite alleles due to the insertion or deletion of duplicate units and cause changes in the length of a microsatellite compared with normal tissue. The association of TMB/MSI with IGF-1/IGF-1R expression was evaluated. Expression of IGF-1 positively correlated with TMB in THYM, CHOL, LAML, LIHC, and OV while negatively correlated with the TMB in BLCA, BRCA, CESC, COAD, DLBC, ESCA, GBM, HNSC, KICH, KIRC, KIRP, LGG, LUAD, LUSC, MESO, PAAD, PCPG, PRAD, READ, SARC, STAD, TGCT, THCA, UCEC, UCS, and UVMP (Figure 7A). Expression of IGF-1R positively correlated with TMB in GBM, HNSC, KICH, LAML, LGG, MESO, SKCM, and THYM while negatively correlated with TMB in BLCA, BRCA, CESC, COAD, ESCA, KIRC, KIRP, LIHC, OV, PAAD, PRAD, READ, STAD, TGCT, THCA, UCEC, UCS, and UVM (Figure 7B). The correlations of IGF-1/IGF-1R with MSI are shown in Figures 7C, D.




Figure 7 | Radar map plotting the correlation of tumor mutation burden (TMB) (A) and microsatellite instability (MSI) (B) with IGF-1 expression across 33 cancer types. Radar map plotting the correlation of tumor mutation burden (TMB) (C) and microsatellite instability (MSI) (D) with IGF-1R expression across 33 cancer types.



The correlation analysis between MMR genes (MLH1, MSH2, MSH6, PMS2, EPCAM) and IGF-1/IGF-1R expression was further performed. IGF-1 expression was correlated with at least one MMR genes in BRCA, COAD, HNSC, LIHC, PAAD, STAD, and TGCT (Supplementary Figure S1). IGF-1R expression was correlated with at least one MMR genes in almost all of the 33 cancer types except for BRCA, STAD, and UCS (Supplementary Figure S2). Moreover, the correlation analysis between DNMT (DNMT1, DNMT2, DNMT3A, and DNMT3B) and IGF-1/IGF-1R expression was also conducted. The result is as shown in Supplementary Figures S3 and S4.



Functional Analysis by Gene Set Enrichment Analysis

The biological role of IGF-1 and IGF-1R were illustrated through GSEA. The pan-cancer functional KEGG and HALLMARK terms of IGF-1/IGF-1R are shown in Figure 8, respectively. Generally, the top 3 negatively enriched KEGG terms in high IGF-1 subgroups were hematopoietic cell lineage, cytokine cytokine receptor interaction, and B-cell receptor signaling pathway (Figure 8A), and the top positively enriched KEGG terms were glutathione metabolism, pentose phosphate pathway, fructose and mannose metabolism, and base excision repair (Figure 8B). The top 3 negatively enriched HALLMARK terms in high IGF-1 subgroups were epithelial mesenchymal transition, KRAS upsignaling, and allograft rejection (Figure 8C), and the top positively enriched HALLMARK terms were MYC targets V2, reactive oxygen species pathway, oxidative phosphorylation, and DNA repair (Figure 8D). As for IGF-1R, the top 3 negatively enriched KEGG terms were WNT signaling pathway, chronic myeloid leukemia, and adherens junction (Figure 8E), and the top positively enriched KEGG terms were intestinal immune network for IgA production, type I diabetes mellitus, allograft rejection, and graft-versus-host disease (Figure 8F). The top 3 negatively enriched HALLMARK terms in high IGF-1R subgroups were UV response DN, TGF beta signaling, and mitotic spindle (Figure 8G), and the top positively enriched HALLMARK terms were interferon alpha response, interferon gamma response, oxidative phosphorylation, and allograft rejection (Figure 8H).




Figure 8 | Functional Enrichment of KEGG and HALLMARK terms on IGF-1 and IGF-1R through GSEA. The top 3 negatively and positively enriched KEGG terms on IGF-1 are displayed in (A, B), respectively. The top 3 negatively and positively enriched KEGG terms on IGF-1 are displayed in (C, D), respectively. The top 3 negatively and positively enriched KEGG terms on IGF-1R are displayed in (E, F), respectively. The top 3 negatively and positively enriched KEGG terms on IGF-1R are displayed in (G, H), respectively.






Discussion

The present work illustrated a comprehensive workflow for pan-cancer analysis and thoroughly investigated the role of IGF-1 and IGF-1R in cancers. The prognostic impact of IGF-1 and IGF-1R expression among different cancer types was reported. It was found that most cancer types showed a higher IGF-1/IGF-1R alteration frequency and the expression of IGF-1 and IGF-1R served as the prognostic factor in some cancer types, including BLCA and LAML upon both Cox and KM survival analyses. However, the relationship between IGF-1/IGF-1R overexpression and tumor immunity was still unclear. Secondly, though IGF-1 and IGF-1R share the same signaling pathway, whether they have different prognostic and immunologic values in different types of cancer needs further investigation. Moreover, the relationship between IGF1/IGF1R expression and tumor prognoses, such as TMB, MSI, MMR, and DNMT, which can predict the efficacy of immunotherapy, remains unclear. Base on this, our bioinformatics analysis studied the IGF-1/IGF-1R expression-associated KEGG terms and HALLMARK pathways.

Our study showed that IGF-1 and IGF-1R harbor distinct prognostic values among different cancer types. The low expression of IGF-1 served as a favorable prognostic factor in some cancer types, including BLCA, CHOL, LAML, and UVM; whereas in SARC, high expression of IGF-1 served as a favorable prognostic factor. On the other hand, high expression of IGF-1R served as a significant prognostic factor in such cancer types including KIRC and LAML; whereas in BLCA, LIHC, and LUAD, low expression of IGF-1R served as a favorable prognostic factor. Previous study has proven that the epithelial-mesenchymal transition (EMT) process of gastric cancer cells could be induced by IGF-1 through the IGF-1R/STAT3 signaling pathway so that cancer cells would achieve metastasis (16). It has also been found that in liver cancer, IGF-1 promotes the invasion and metastasis of liver cancer cells by inhibiting the degradation of cathepsin B (17). Wu et al. proved that the increasing secretion of IGF-1 and CCL20 promotes brain metastasis of lung cancer cells by polarizing microglia and suppressing innate immune function (18). Studies done by Somri-Gannam et al. provide evidence that IGF-1R axis inhibition could be a therapeutic strategy for ovarian cancer by restoring dendritic cell (DC)-mediated antitumor immunity (19). Therefore, the distinct prognostic value of changeable IGF-1/IGF-1R expression across different cancers may result from its synthetic effect of immune suppressive activity and tumor suppressive activity in each cancer type. The distinct prognostic value of IGF-1 and IGF-1R expression may give rise to some new researches and questions for discussion. Both IGF-1 and IGF-1R are positively correlated with the abundance of CD4+ T cell, dendritic cells, and macrophages. Cellular infiltration of CD4+ T cell, dendritic cells, and macrophages would lead to immunosuppressive tumor microenvironment and cause unfavorable prognosis. The expression of IGF-1 is positively correlated with the expression of most immune checkpoint genes in UVM. The expression of IGF-1R is positively correlated with the expression of CD276 in most cancer types, and since CD276 is related to immunosuppression, this may explain why the increased expression of IGF-1R in tumor has an impact on the prognosis.

The expressions of IGF-1 and IGF-1R were correlated with TMB and MSI in some cancer types. TMB could impact the patient response to immune checkpoint inhibitors through affecting the generation possibility of immunogenic peptide (20). MSI is a vital index to predict tumor genesis and development (21). The NCCN guidelines have recommended MSI testing for all rectum adenocarcinoma (READ) subtypes, and the READ mortality can be reduced by the early detection of MSI (22). FDA has approved the use of Keytruda for the treatment of MSI-H solid tumors. As a result, TMB and MSI can serve as the predicting factors for efficacy. The expressions of IGF-1/IGF-1R share negative correlation with TMB and MSI in most cancer types, which means high expression of IGF-1/IGF-1R indicates immunosuppression. Our findings provide clues on the correlation between IGF-1/IGF-1R expression and cancer immunity and suggest that it could be a potential predictive maker of the efficacy of immunotherapy. Our study systematically compared the immune effects of IGF-1 and IGF1-R, which is conducive to localize the target molecules more accurately. A series of drugs targeting IGF-1/IGF1-R in the treatment of cancer are in clinical trials. The associated results may be released in the next 5 years.

Our study has several limitations. First, the result of our study should be interpreted with caution since checkpoint inhibitor treatment has not been analyzed in our study. Second, the result of our study lacks external validation in other public datasets. We need clinical specimens from our center for further verification. Only the gene expression level was analyzed in this study; we may conduct a more comprehensive analysis from the perspective of single and multiple omics. More efforts are needed to undermine the value of IGF-1/IGF-1R as a potential target of immunotherapy.

To conclude, our comprehensive pan-cancer analysis has characterized IGF-1/IGF-1R expression in different cancer cell lines and tissues. According to our results, IGF-1 and IGF-1R can serve as a valuable prognostic biomarker in some cancer types. They are also related to cancer immunity and could be potential predictive maker of the efficacy of immunotherapy, which may help develop the new targeted treatment.
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Background

Data on the use of immune checkpoint inhibitors (ICIs) in advanced non-small cell lung cancer (NSCLC) patients with epidermal growth factor receptor (EGFR) mutation are limited. The current study aimed to assess the efficacy of ICIs in EGFR-mutant advanced NSCLC and explore the relevant influential factors.



Materials and Methods

Relevant clinical data of EGFR-mutant NSCLC patients who had received ICIs were collected from multiple hospitals. The primary endpoint was progression-free survival (PFS), and the secondary endpoints were overall survival (OS), objective response rate (ORR), and relevant influential factors.



Results

A total of 122 advanced EGFR-mutant NSCLC patients were included in the final analysis. The total cohort had an objective response rate (ORR) of 32.0%, a median progression-free survival (mPFS) of 5.0 months, and a median overall survival (mOS) of 14.4 months. Among 96 patients with common EGFR mutations (19Del, 52 patients; L858R, 44 patients), those who were administered front-line ICI exhibited better survival benefits than those who received later-line ICI after disease progression on tyrosine kinase inhibitors (TKIs) treatment (mPFS: 7.2 months vs. 3.4 months, respectively, P < 0.0001; mOS: 15.1 months vs. 8.4 months, respectively, P <0.0001). Moreover, the efficacy of ICI-based combination therapy was better than that of ICI monotherapy (mPFS: 5.0 months vs. 2.2 months, respectively, P = 0.002; mOS: 14.4 months vs. 7.0 months, respectively, P = 0.001). Multivariate analysis showed that ICI-based combination therapy and front-line ICI administration after progression on EGFR-TKI were associated with significant improvements in both PFS and OS (P < 0.05). A high PD-L1 expression (tumor proportion score, TPS≥50%) and the EGFR L858R mutation were only significantly associated with a better PFS (P <0.05). A better Eastern Cooperative Oncology Group (ECOG) status was independently associated with a favorable OS (P <0.05).



Conclusions

Taken together, combination immunotherapy in front-line was associated with improvement of survival in EGFR-mutant NSCLC patients post-TKI resistance. Further prospective studies with large sample sizes are required to identify the optimal combinatorial treatment strategy.





Keywords: non–small cell lung cancer, immune checkpoint inhibitor, tyrosine kinase inhibitor, epidermal growth factor receptor, resistance



Introduction

Epidermal growth factor receptor tyrosine kinase inhibitors (EGFR-TKIs) as a standard first-line treatment for advanced non-small-cell lung cancer harboring EGFR mutation yield great efficacy but acquired resistance and disease progression are inevitable (1–3). Salvage treatment options following available TKI failure are limited; chemotherapy serves as the primary modality with unsatisfactory efficacy (4–7). Immune checkpoint inhibitors (ICIs), such as anti-programmed cell death 1 (PD-1) and programmed cell death-ligand 1 (PD-L1) agents, have considerably improved the survival of driver gene wild-type advanced NSCLC (8–10). Although a few reports have been published recently, the role of ICI in EGFR-mutant NSCLC after EGFR-TKI failure is still controversial. Disappointing results have been demonstrated with ICI monotherapy in IMMUNOTARGET (11) and other studies (12–14), while some physicians advocate that ICI-based combination therapy may be an option (15). Subgroup analysis in the IMpower 150 study showed that the combination of paclitaxel, carboplatin, bevacizumab, and atezolizumab improved PFS but not significant OS benefit as compared to that with bevacizumab plus chemotherapy. This four-drug regimen owned an incidence of grade 3 to 4 treatment-related adverse events of 57% (16). Two studies with a combination approach have reported promising results on response rate (RR) and survival (17, 18), while flaws exist due to the small sample size and insufficient information on patients with T790M. Another study with ICI combination treatment got a worse outcome with an objective response rate (ORR) of 18.6% and a median progression-free survival (mPFS) of 2.8 months (19). Moreover, a few studies with small samples have retrospectively analyzed the data of EGFR 20 insertion mutation (EGFR 20Ins) to evaluate the efficacy of ICI (20–22). Therefore, more studies are urgent to explore the role of ICI in EGFR-mutant NSCLC patients.

This retrospective study aimed to summarize the efficacy of ICI in EGFR-mutant NSCLC after progression on TKI treatment and explore issues, such as the administration timing of ICI, whether ICI monotherapy or ICI-based combination therapy is better, and the efficacy of ICI for EGFR 20Ins.



Materials and Methods


Patients’ Clinical Data

The clinical data of eligible patients were extracted from the electronic medical records of seven different institutions in China (including West China Hospital of Sichuan University, Sichuan Cancer Hospital & Institute, The Second People’s Hospital of Yibin, Affiliated Hospital of North Sichuan Medical College, The First People’s Hospital of Neijiang, Leshan people’s Hospital, Suining Central Hospital) from September 2016 to May 2020. The inclusion criteria were as follows: treatment with ICI (anti-PD-1/PD-L1 inhibitor); a pathological diagnosis of NSCLC and at stage IV according to tumor size, lymph node, and metastasis (TNM) stages; exhibition the activation of EGFR mutations on exons 18 to 21. Patients who had participated in clinical trials or had other cancers were excluded. Related baseline demographic variables, including sex, age, Eastern Cooperative Oncology Group (ECOG) performance status, immunotherapy strategy, smoking history, sites of metastasis, histological type, and prior treatment information, were collected. This study adhered to the tenets of the Declaration of Helsinki and was performed following the principles of good clinical practice and approved by the institutional ethical review board. As only anonymous medical records of patients were used, the requirement for informed consent was waived by the ethical committee.



EGFR Mutation and PD-L1 Analysis

Tumor tissue samples obtained from biopsy, resection, and cytology were used for immunohistochemical detection. PD-L1 status was determined by immunohistochemistry analyses (23), and EGFR mutations were evaluated by polymerase chain reaction or next-generation sequencing (24), which was used according to standard protocols of the respective centers. The PD-L1 tumor proportion score (TPS) refers to the percentage of tumor cells showing partial or complete membrane staining (25). PD-L1 expression≥50% was classified as a strong positive result (26). All gene alterations and PD-L1 expression status were part of the patients’ clinical information at baseline.



Statistical Analysis

Categorical variables are presented as numbers and percentiles, whereas continuous variables are presented as medians and ranges. Each patient’s response to ICI treatment was assessed using the Response Evaluation Criteria in Solid Tumors (RECIST) v.1.1. PFS was defined as the time from treatment initiation to disease progression or death from any cause. The patients still alive at the date of last follow-up visit (April 1, 2021) were censored. Kaplan–Meier survival curves were constructed for PFS and OS, and the differences between groups were identified using the log-rank test. The Cox proportional hazards regression model was used for univariate and multivariate analyses. The follow–up time was calculated using the reverse Kaplan–Meier method. Two-tailed P values were calculated for all analyses and statistical significance was set at P<0.05. All statistical analyses were performed using SPSS 25.0 and GraphPad 8.0 statistical software.




Results


Patient Characteristics

A total of 122 eligible patients with EGFR-mutant NSCLC were finally included. The median follow-up time was 15.4 months (range: 0.6–28.8 months) and median age was 56 years (range: 30–85 years). The majority of the patients had a good performance status (ECOG = 0–1; 105/122, 86.1%) and were diagnosed with adenocarcinoma (112/122, 91.8%). EGFR mutation subtypes consisted of EGFR exon 19 deletion (19Del) (N = 52, 42.6%), EGFR exon 21 L858R mutation (EGFR 21 L858R) (N = 44, 36.1%), EGFR 20Ins (N = 23, 18.9%), and three other patients had uncommon mutations (G719X, N = 2; L861Q, N = 1). 69 of patients carrying EGFR common mutation (19Del, 21 L858R) underwent gene re-test after first or second-generation TKI treatment, with 31 cases acquired T790M mutation. 43 cases with common EGFR mutation were treated with osimertinib after progression on first and second-generation TKI. Most patients received an anti-PD-1 agent (116/122, 95.1%). The PD-L1 expression status was known in 86 patients (86/122, 70.5%). Further details of patients’ characteristics are shown in Table 1.


Table 1 | Characteristics of NSCLC patients with EGFR mutation treated with the immune checkpoint inhibitors.





Survival of EGFR-Mutant Patients

The ORR of the total 122 patients was 32.0% (39/122), and the disease control rate was 70.0% (85/122). The median PFS (mPFS) and OS (mOS) were 5.0 months (95% CI = 4.1–5.8 months) and 14.4 months (95% CI = 12.5–16.4 months), respectively (Figure 1 and Table 2).




Figure 1 | Kaplan–Meier curves for progression-free survival and overall survival of patients with EGFR-mutant NSCLC (n = 122). The median PFS and OS were 5.0 months and 14.4 months, respectively.




Table 2 | The treatment responses of different EGFR mutation types.



The group with common EGFR mutations (19Del and L858R) had an ORR, mPFS and mOS of 31.3% (30/96), 4.4 months (95%CI = 3.7–5.1 months) and 13.4 months (95%CI = 11.7–15.1 months), respectively (Table 2).

ICI for patients carrying EGFR 20Ins displayed an ORR of 34.8% (8/23) and a median PFS of 6.4 months (95%CI = 4.8–8 months); the median OS was not reached. Among another three patients with uncommon EGFR mutations [L861Q (1patient), G719X (2 patients)], the median PFS and OS were 7.7 months and 18.4months, respectively (Table 2).



Clinical Features Associated With Outcomes in Patients With Common EGFR Mutations

All 96 patients with common EGFR mutations (19Del and L858R) had previously been treated with EGFR-TKIs. All patients with prior TKI treatment failure who carried the acquired T790M mutation have received osimertinib. Further analyses of clinical features were subsequently performed to identify the benefitting population.

46 patients were immediately administered ICI after progression on TKI, which was defined as front-line ICI post-TKI progression, whereas the remaining 50 patients received later-line ICI because they received other systemic therapy regimens in the interval between TKIs and ICI treatment. The patients who received front-line ICI showed enhanced survival benefits compared to those who received ICI as a later line post-TKIs progression (mPFS, 7.2 months [95% CI = 5.4–9 months], vs. 3.4 months [95% CI = 2.2– 4.5 months], respectively, P <0.0001; mOS, 15.1 months [95% CI = 13.5–16.7 months], vs. 8.4m [95% CI = 6.2–10.6 months], respectively, P<0.0001; Figure 2). The group treated with front-line ICI had a better ECOG performance score and higher PD-L1 expression than the group treated with later-line ICI.




Figure 2 | Kaplan–Meier curves of progression-free survival and overall survival of patients who received ICI therapy at different lines of treatment. The patients who were administered front-line ICI exhibited superior survival benefits than those who received ICI as later line after progression on TKI (mPFS 7.2 months vs. 3.4 months, respectively, P < 0.0001; mOS 15.1 months vs. 8.4 months, respectively, P < 0.0001).



A total of 72 patients were treated with ICI-based combination therapy: 50 received a combination of ICI with chemotherapy, 8 received a combination of ICI with chemotherapy and radiotherapy, 12 received a combination of ICI with chemotherapy plus an anti-angiogenic agent, and 2 received dual ICIs (an anti-PD-1 agent combined with an anti-cytotoxic-T-lymphocyte-associated protein 4 inhibitor). The efficacy of ICI-based combination therapy was better than that of ICI monotherapy (mPFS, 5.0 months [95% CI 3.2–6.8 months) vs. 2.2 months [95% CI = 0.9–3.5 months], respectively, P = 0.002; mOS, 14.4 months [95% CI = 12.8–16 months] vs. 7.0 months [95% CI = 5.6–8.3 months], respectively, P=0.001; Figure 3).




Figure 3 | Kaplan–Meier curves of progression-free survival and overall survival of patients who received ICI-based combination therapy versus ICI monotherapy. The efficacy of ICI-based combination therapy was better than that of ICI monotherapy (mPFS 5.0months vs. 2.2 months, P = 0.002, mOS 14.4 months vs. 7.0 months, P = 0.001).



In patients with available PD-L1 expression data (n = 69/96, 71.9%), 31 patients exhibited strongly positive PD-L1 expression (TPS≥50%), whereas 38 patients presented PD-L1 expression less than 50%. A significant PFS benefit was observed in patients with strongly positive PD-L1 expressions (TPS≥50%) compared with the cohort with a lower PD-L1 expression (TPS<50%) (7.5 vs. 3.0 months, respectively, P = 0.001). However, the difference in OS was not statistically significant (Figure 4).




Figure 4 | Kaplan–Meier curves of progression-free survival and overall survival of patients with differential PD-L1 expression. A significant PFS benefit was observed in patients with strong positive PD-L1 expression (TPS ≥ 50%) compared with that in patients with a lower PD-L1 expression (TPS < 50%) (7.5 months vs 3.0 months, respectively, P = 0.001), but the difference in OS was not statistically significant.



A multivariate analysis was performed by including factors that were found to be significant in the univariate analysis (P<0.05) and those considered to be clinically significant (Table 3). The results indicated that strongly positive PD-L1 expression (TPS≥50%), ICI-based combination therapy, front-line ICI treatment after EGFR TKI progression, and the EGFR L858R genotype were all significantly associated with improved PFS (P <0.05) (Figure 5). A good ECOG status, ICI-based combination therapy, and front-line ICI treatment after EGFR TKI progression were found to be independently associated with a favorable OS, after adjusting for other clinical factors (P <0.05; Table 3).


Table 3 | The univariable and multivariable analyses of PFS and OS among the EGFR common mutation population.






Figure 5 | Kaplan–Meier curves of progression-free survival and overall survival of patients with differential mutation type. A significant PFS benefit was observed in patients with L858R compared with that in patients with 19Del (6.1 months vs. 3.8 months, respectively, P = 0.002), but the difference in OS was not statistically significant.






Discussion

Chemotherapy, as the most common subsequent treatment regimen after the discontinuation of EGFR-TKI therapy, has limited benefits for EGFR-mutant NSCLC patients (4–7). A retrospective study indicated that 27% of patients received chemotherapy combined with ICI after the failure of osimertinib (27), suggesting that the efficacy of salvage chemotherapy alone was unsatisfactory, and thus physicians were enthusiastic to explore ICI in EGFR-mutant NSCLC. Although the role of ICI monotherapy uses in EGFR-mutant NSCLC is debatable (11–14), our study indicated that ICI treatment for EGFR-mutant NSCLC obtained a mPFS of 5 months and a mOS of 14.4 months. In detail, ICI-based combination therapy outperformed ICI monotherapy, with a mPFS of 5 months versus 2.2 months and mOS of 14.4 months versus 7 months, respectively. These results were somewhat interesting.

Previous single-arm studies on ICI-based combination regimens in EGFR-mutant NSCLC patients after EGFR TKI failure have reported inconsistent results (17–19). The CT 18 study (18) and other studies using a combination approach of ICI with chemotherapy have exhibited survival benefits (16, 17), which was also observed in our study, whereas a study with camrelizumab plus apatinib achieved inferior outcome (19). Basic studies support that chemotherapy, antiangiogenic drugs, and radiotherapy exert synergistic effects with ICI via positive regulation of the immune system, changing the tumor immune microenvironment, and releasing tumor neoantigens (28–32). Besides the role of ICI, the optimal combination strategy is still unclear. Our study including patients who received first–, second–, third-generation EGFR TKI in the first-line or after acquired T790M mutation reflected the real-world situation, and the majority of cases received ICI combined with chemotherapy. The current study evaluated the efficacy of ICI combination regimen versus monotherapy and observed improved survival from ICI-based combination therapy. Considering the toxicities of ICI combined with chemotherapy (16), an alternative combined partner from chemotherapy to antiangiogenic drugs seems reasonable (19), but the efficacy of the chemotherapy-free combined strategy needed to be further explored.

Several studies concerning gene wild-type NSCLC have indicated that the earlier the use of ICIs, the better the outcome maybe (33, 34). Some studies on EGFR-mutant NSCLC after EGFR TKI failure recruited patients without prior palliative chemotherapy (17, 18), whereas a study of camrelizumab plus apatinib (19) including patients in the later setting exhibited lower RR and shorter PFS. Our study showed that front-line administration of ICI after EGFR-TKI resistance was more beneficial in terms of PFS and OS. This phenomenon is consistent with that observed in patients with wild-type driver gene. Although the tumor microenvironment (TME) of EGFR-mutant NSCLC is immunosuppressive (28), EGFR-TKI may activate the TME by increasing dendritic cells and CD8+ cells, reducing Tregs, and inhibiting M2-like macrophages polarization at an early stage (35). EGFR-TKI could also affect the expression of PD-L1 (36) and the distribution of the CD4+, and Foxp3+ cells within the TME (37–39). We speculate that the insertion of other treatments before ICI may possibly perturb the favorable immune microenvironment that may exist after TKI treatment. Therefore, the administration timing of ICI treatment for this population may be also important.

The predictive effect of PD-L1 status on the efficacy of ICI treatment among EGFR-mutant NSCLC patients is inadequate and debatable. It is thought that the PD-L1 expression in EGFR-mutant NSCLC patients is mainly mediated by carcinogenic signaling pathways rather than an adaptive immune process, resulting in a lowered capacity to predict the efficacy of immunotherapy (40, 41). Some studies have found that the status of PD-L1 expression could not be used to screen out ICI responders in EGFR-mutant NSCLC patients (42). On the contrary, other studies demonstrated that ICIs can also be used for EGFR-mutant NSCLC patients who have high PD-L1 expression (43). In cohort 1 (n=111) of the ALTLANTIC study (44), durvalumab was used as the third or later line treatment for advanced EGFR/ALK-positive NSCLC patients. Patients with PD-L1 expression ≥ 25% had an ORR of 12%, and better median PFS and 2-year OS rates than patients with PD-L1 expression < 25% (13.3 months vs. 9.9 months, 40.7% vs. 14.7%, respectively). Similarly, the results of our study indicated that PD-L1 expression ≥50% at baseline was related to better PFS of ICI treatment. EGFR L858R was found to be associated with favorable PFS in our study, which is consistent with the finding of a previous study (45).

It must be noted that this study has certain limitations. First, the results should be interpreted with caution because of the retrospective nature of the study. Second, PD-L1 expression data were not available for every individual. Finally, we could not obtain the PD-L1 expression status data after EGFR-TKI discontinuation, which may be more accurate to predict the efficacy of ICI treatment. Despite these limitations, this retrospective study was performed rigorously and ethically to provide a certain reference value for clinical practice.

In conclusion, ICI therapy, especially front-line ICI therapy and ICI-based combination therapy, may be beneficial for improving the prognosis of advanced EGFR-mutant NSCLC patients after EGFR-TKI therapy discontinuation. These findings need to be verified by prospective randomized controlled phase III clinical studies.
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Background

Immunotherapy has been proven effective among several human cancer types, including Squamous cell lung carcinoma (SqCLC). ERAP2 plays a pivotal role in peptide trimming of many immunological processes. However, the prognostic role of ERAP2 and its relationship with immune cell infiltration in SqCLC remains unclear.



Methods

The differential expression of ERAP2 was identified via GEO and TCGA databases. We calculated the impact of ERAP2 on clinical prognosis using the Kaplan-Meier plotter. TIMER was applied to evaluate the abundance of immune cells infiltration and immune markers. SqCLC tissue microarrays containing 190 patients were constructed, and we performed immunohistochemical staining for ERAP2, CD8, CD47, CD68, and PD-L1 to validate our findings in public data.



Results

In the GEO SqCLC database, ERAP2 was upregulated in patients with better survival (p=0.001). ERAP2 expression in SqCLC was significantly lower than that of matched normal samples (p<0.05) based on TCGA SqCLC data. Higher expression of ERAP2 was significantly associated with better survival in SqCLC patients from TCGA (p=0.007), KM-plotter (p=0.017), and our tissue microarrays (TMAs) (p=0.026). In univariate and multivariate Cox analysis of SqCLC TMAs, high ERAP2 expression was identified as an independent protective factor for SqCLC patients (Univariate Cox, HR=0.659, range 0.454-0.956, p<0.05. Multivariate Cox, HR=0.578, range 0.385-0.866, p<0.05). In TIMER, ERAP2 was positively correlated with several immune markers (CD274, p=1.27E-04; CD68, p=5.88E-08) and immune infiltrating cells (CD8+ T cell, p=4.09E-03; NK cell, p=1.00E-04). In our cohort, ERAP2 was significantly correlated with CD8+ tumor-infiltrating lymphocytes (TILs) (p=0.0029), and patients with higher ERAP2 expression had a higher percentage of PD-L1 positive patients (p=0.049) and a higher CD8+ TILs level (p=0.036).



Conclusions

For the first time, our study demonstrates that higher expression of ERAP2 is tightly associated with the immuno-supportive microenvironment and can predict a favorable prognosis in SqCLC. Meanwhile, ERAP2 may be a promising immunotherapeutic target for patients with SqCLC.





Keywords: ERAP2, squamous cell lung cancer (SqCLC), prognosis, immune microenvironment, biomarker



Introduction

According to the newest data published in 2021, lung cancer has the highest mortality rate among all cancer types and is a significant health care concern throughout the world (1). Approximately 85% of lung cancer can be classified into a histological subtype generally known as non-small cell lung cancer (NSCLC), 25% to 30% of which is squamous cell lung cancer (SqCLC) (2). SqCLC had specific clinicopathologic characteristics, including male gender, older age, smoker preference, comorbidities, and centrally located tumors (3). Patients with SqCLC are usually diagnosed at an advanced stage, and the 5-year overall survival rate of advanced SqCLC was less than 20%.

Even though standard platinum-based chemotherapy is the mainstay of first-line treatment for most SqCLC patients (4), there are still many patients who cannot receive satisfying outcomes (5). Additionally, different from lung adenocarcinoma (LUAD), which has greatly benefited from targeted therapies against driver mutations such as epidermal growth factor receptor (EGFR) mutations, etc., inroads in targeted therapy are rare in SqCLC (6, 7). Over the past few decades, the limited therapeutic options rendered SqCLC a challenging-to-treat disease. The introduction of immunotherapy, particularly blockers of the PD-1 axis, into the treatment of NSCLC has revolutionized the therapeutic stand-care of this recalcitrant disease, yielding significant survival benefits (8). However, only a minority of SqCLC patients have achieved sustained benefits. Primary and acquired resistances are common phenomena in SqCLC immunotherapy (9). The immunotherapy of SqCLC is still in its infancy, and more immune-related treatments are warranted.

ERAP2 (Endoplasmic Reticulum Aminopeptidase 2), located on chromosome 5q15, belongs to the oxytocinase subfamily of M1 aminopeptidases and is closely related to ERAP1(endoplasmic Reticulum Aminopeptidase 1), a homologous enzyme of it (10). Both ERAP2 and ERAP1 mainly participate in the final trimming of peptides that will be loaded on MHC-I (Major Histocompatibility Complex class I) molecules at the cell surface for CD8+ T cells/Natural Killer (NK) cells recognition (11, 12). The length of some peptides entering ER is not suitable for being loaded onto MHC I molecule and thus will be trimmed by ERAP1/2 (13). In the immune-evading tumor, malfunction ERAP2 can undermine tumor-associated antigenic episodes while the immune checkpoints are over-expressed, thus anti-tumor T cell response is suspended (14). Previous studies have highlighted that ERAPs are potential targets for enhancing T/NK cell-mediated immunogenicity of malignant cells for developing anti-tumor immunotherapy (15, 16). In addition, Lim et al. has proved that in bladder cancer patients receiving anti-PD-L1 therapy, ERAP2 expression can stratify overall survival (17). The deficiencies in the expression and function of ERAPs have been demonstrated in multiple tumor types, including lung cancer (18–20). So far, the biological roles of ERAP2 in SqCLC have remained unclear.

This study explored the predictive value and immune-related roles of ERAP2 in SqCLC using public databases. We validated our conclusions in a large-scale SqCLC tissue-microarray with long-term follow-up data. We aimed to illustrate the biological functions of ERAP2 in SqCLC and provide novel clues for administering immunotherapy in SqCLC.



Materials and Methods


Bioinformatic Mining of ERAP2

Using R software, we obtained differentially expressed genes (DEGs) from patients with distinct survival in the GEO dataset (GSE30219). GSE30219 dataset contained 61 SqCLC patients, whose median survival time (59 months) was used to stratify groups with better and worse survival. Totally 11 DEGs (p<0.05) of the two groups were extracted using the R package limma. The list of DEGs and corresponding logFC values were shown in Figure 1A. Using GEPIA (http://gepia2.cancer-pku.cn/#index), an online analysis website containing pan-cancer transcriptome data from TCGA (https://portal.gdc.cancer.gov/), we explored the ERAP2 expression level among multiple cancer types and paired normal samples (Figure 1B), in which the SqCLC dataset included 486 tumor samples and 338 normal samples (Red Arrow in Figure 1B).Using patients with follow-up data from the GEO dataset (GSE30219), we performed survival analysis in SqCLC stratified by ERAP2 expression. KM-plotter (http://www.kmplot.com/lung/) was used to validate the prognostic effect of ERAP2 in SqCLC that we found in the GEO dataset.




Figure 1 | Bioinformatic mining of ERAP2. (A) High and low expression genes of SqCLC patients with better survival based on GEO dataset GSE30219. The length of the bar represents the log (fold change) of gene expression between patients with different survival. Orange, low expression genes in patients with better survival. Blue, high expression genes in patients with longer survival. (B) ERAP2 expression profiles across all 31 tumor types and paired normal tissues based on TCGA data. The height of the bar represents the median expression of certain tumor types or normal samples. Red, tumor; Black, normal tissue. Arrow, ERAP2 expression in SqCLC. ACC, Adrenocortical carcinoma; BLCA, Bladder Urothelial Carcinoma; BRCA, Breast invasive carcinoma; CESC, Cervical squamous cell carcinoma and endocervical adenocarcinoma; CHOL, Cholangiocarcinoma; COAD, Colon adenocarcinoma; DLBC, Lymphoid Neoplasm Diffuse Large B-cell Lymphoma; ESCA, Esophageal carcinoma; GBM, Glioblastoma multiforme; HNSC, Head and Neck squamous cell carcinoma; KICH, Kidney Chromophobe; KIRC, Kidney renal clear cell carcinoma; KIRP, Kidney renal papillary cell carcinoma; LAML, Acute Myeloid Leukemia; LGG, Brain Lower Grade Glioma; LIHC, Liver hepatocellular carcinoma; LUAD, Lung adenocarcinoma; LUSC, Lung squamous cell carcinoma; OV, Ovarian serous cystadenocarcinoma; PAAD, Pancreatic adenocarcinoma; PCPG, Pheochromocytoma and Paraganglioma; PRAD, Prostate adenocarcinoma; READ, Rectum adenocarcinoma; SARC, Sarcoma; SKCM, Skin Cutaneous Melanoma; STAD, Stomach adenocarcinoma; TGCT, Testicular Germ Cell Tumors; THCA, Thyroid carcinoma; THYM, Thymoma; UCEC, Uterine Corpus Endometrial Carcinoma; USC, Uterine Carcinosarcoma. (C) ERAP2 expression in LUAD and LUSC based on data in GEPIA. Left, LUAD. Right, LUSC. Red, tumor sample. Grey, normal sample. Asterisk, p value<0.05; Centerline, median; box limits, upper and lower quartiles; points, outliers. (D) K-M curve showing the overall survival of SqCLC patients stratified by ERAP2 expression in the GEO dataset. Red, ERAP2 high expression group. Green, ERAP2 low expression group. (E) K-M curve showing the overall survival of SqCLC patients stratified by ERAP2 expression in the KM-Plotter dataset. Red, ERAP2 high expression group. Black, ERAP2 low expression group.





Tissue Microarray Construction and IHC Staining

Following the IRB (Institutional Review Board) approval, formalin-fixed, paraffin-embedded tissue microarrays (TMAs) were created using SqCLC samples collected from patients who underwent surgery from April 2010 to August 2011 in the Department of Thoracic Surgery, Cancer Hospital, Chinese Academy of Medical Sciences and Peking Union Medical College. The TMAs contained 190 SqCLC tumor samples. The tumor tissues were fixed by formalin and embedded in paraffin. We took two 2-mm cores from each sample to constitute the TMAs, and then 4-μm thick TMA sections were manufactured. All manual process was conducted by professional pathological technicians from the Department of Pathology of our hospital. All specimens in the 3 TMAS were diagnosed, selected, and confirmed by two certified pathological clinicians.

We performed immunohistochemistry (IHC) of several markers on the TMA, including ERAP2, PD-L1, CD47, CD8, and CD68. We incubated the TMAs with the primary antibodies against ERAP2 (Sigma, HPA034498), PD-L1 (Abcam, 28-8), CD47 (Abcam, EPR21794), CD8 (CST, D8A8Y), and CD68 (Abcam, KP1), and then with the secondary antibodies and 3, 3’-diaminobenzidine (DAB).

Two independent pathologists without prior knowledge of our research evaluated the IHC staining results. ERAP2 expression was scored using a combined method (21). Negative, weak, moderate, and strong intensities were scored as 0, 1, 2, and 3, respectively. The percentage of cells that stained at each intensity score was estimated visually. The ultimate score for each specimen was calculated as the sum of the percentage of stained cells multiplied by the intensity scores. For instance, a sample with 10% negative staining, 40% moderate staining, and 50% strong staining would be assessed a score of 2.3 (0.1×0 + 0.4×2 + 0.5×3 = 2.3). All samples were scored twice independently by two pathologists who were blinded to our study. For PD-L1 and CD47, membranous tumor proportion score (TPS) was applied, during which TPS ≥ 1% and TPS ≥ 5% were set as the positive standard for the two markers, respectively. Co-expression of PD-L1 and CD47 was defined as samples positive in both PD-L1 and CD47. For CD8 and CD68, we calculated the number of CD8-positive TILs and CD68-positive macrophages under six high-power fields and took the average for each specimen.



Survival Analysis

Overall survival (OS) was used to evaluate the prognosis in both public data and our SqCLC cohort. OS was determined as the time from the diagnosis of SqCLC to the patient’s death, independent from the cause of death. For OS of our cohort, patients who were alive on September 20, 2018, were defined as censored data. The K-M curve was applied to analyze the survival data of patients. We used the R software package “RMS” to portray the Nomogram for patients based on several clinicopathological factors and immune biomarkers, including ERAP2 expression level. In our model, the total point of a patient was generated based on facts from each element and had corresponding 1-year, 2-year, and 3-year survival rates.



Gene Function Analysis

Based on TCGA (502 samples) and GEO dataset GSE30219 (61 samples) SqCLC transcription data, we used gene enrichment analysis to explore the function of ERAP2-related differentially expressed genes. The enrichment analysis method was described in the previous research (22). The gene enrichment analysis was performed using the following database and gene set: Gene Ontology (GO, c5.all.v7.4.symbols.gmt [Gene ontology]), Kyoto Encyclopedia of Genes and Genomes (KEGG, c2.cp.kegg.v7.4.symbols.gmt [Curated]), Immunologic signatures (c7.all.v7.4.symbols.gmt [Immunologic signatures]). R software was used to visualize the results of gene function enrichment analysis. Based on the above-mentioned TCGA and GEO transcriptome dataset, we classified patients into ERAP2 high and low expression groups using the median ERAP2 expression value and performed differentially expressed genes (DEGs)analysis between them (p<0.05, R package “edgeR” and “limma” were for TCGA data and GEO data, respectively). Then we conducted GO and KEGG enrichment analysis based on the DEGs and drew the bubble charts.



Immune-Associated Exploration of ERAP2

To identify the potential connection between each two factors of the TMAs, we performed pairwise association analysis. For ERAP2, we classified all SqCLC TMAs patients into high and low expression groups according to the median staining score. The expression of other immune markers was evaluated based on their cut-off values (CD8, CD68: median. PD-L1: 1% and 10%. CD47: 5% and 20%).

We also explored the immune-associated function of ERAP2 in public data using TIMER (http://timer.comp-genomics.org). With this tool, we study the associations between the expression of ERAP2 and several immune markers in SqCLC, including CD68, CD8A, CTLA4, FOXP3, CD274, and CD4. We also explored the relationship between ERAP2 expression and immune cell infiltration levels in SqCLC, including CD8+T cell, M0 macrophage, regulatory T cell, M1 macrophage, activated NK cell, and M2 macrophage. CIBERSORT (23) algorithm was applied by TIMER for analysis.



Statistical Analysis

All data were managed using R software (R x64 4.0.2 Version) and GraphPad Prism 8. An independent-sample was used to make comparisons of continuous and categorical variables between groups. The univariate/multivariate Cox proportional hazard models were used to assess the prognosis. The Kaplan–Meier method was applied to evaluate survival, and the log-rank test was used to determine significance. We used Spearman correlation to explore the associations between variables. We regarded a two-tailed p-value <0.05 as statistically significant.




Results


Bioinformatic Mining of ERAP2

We used the GEO dataset GSE30219 (containing SqCLC patients) and classified the patients into better and worse survival groups. DEGs were acquired based on the two groups. According to the p-value and fold-change (FC), we showed 11 DEGs in Figure 1A. ERAP2 upregulated in patients with better survival (p-value=0.001, logFC=0.767). According to previous studies, ERAP2 was closely related with CD8 T cell, NK cell, and several immune process (13), indicating it may play important roles in cancer immunology. We then profiled the expression of ERAP2 in multiple cancer types and matched normal tissues by GEPIA2, as shown in Figure 1B. We then drew boxplots to show more details on the expression of ERAP2 for NSCLC. We found that ERAP2 expression in SqCLC was statistically lower than that in paired normal tissues (Figure 1C), suggesting that the deficiency of ERAP2 might participate in the carcinogenesis of SqCLC. Further, using the GEO dataset GSE30219 (Figure 1D) and KM-plotter (http://kmplot.com/analysis/index.php?p=service&cancer=lung) (Figure 1E), we drew K-M curves stratified by ERAP2 expression, exhibiting that patients with high ERAP2 expression had longer overall survival in SqCLC (p<0.05).



Prognostic Roles of ERAP2 in Our Cohort

To validate the prognostic impact of ERAP2 on SqCLC, we established an independent SqCLC cohort, including a total of 190 SqCLC patients, and the tumor samples were retrospectively collected to constitute TMAs. The clinicopathological information of our cohort is shown in Table 1. Most patients were males (183, 96.32%) and smokers (176, 92, 63%). According to the 8th AJCC (American Joint Committee on Cancer) Staging Manual (24), there were 34 (17.89%) stage I patients, 70 (36.84%) stage II patients, and 86 (45.26%) stage III patients at diagnosis. At the last follow-up, 112 (58.95%) patients were dead, while the left 78 (41.05%) patients were alive or censored. The median follow-up time was 66.5 months.


Table 1 | Clinicopathological characteristics of SqCLC patients in tissue microarrays.



IHC of ERAP2 on our TMAs was conducted, and we calculated an IHC score for each specimen as the sum of the percentage of stained cells multiplied by the staining intensity. The standard of staining intensity was displayed in Figure 2A. The median IHC score of ERAP2 is 1.375, and we classified the samples into high and low ERAP2 expression subgroups using the median score as the cut-off value. Representative images of high expression and low expression of ERAP2 were shown in Figure 2B. We profiled the demographic information for each patient annotated for the expression level of ERAP2, and the distributions of characteristic features did not show a noticeable difference between ERAP2 high and low expression subgroups (Figure 2C). K-M curve exhibited that in our cohort, patients with ERAP2 high expression had significantly longer overall survival than the ERAP2 low expression subgroup (Figure 2D).




Figure 2 | ERAP2 expression in SqCLC tumor microarray (TMA). (A) ERAP2 staining intensity scoring standard. ERAP2 expression was graded into 4 categories: 0, 1, 2, and 3 according to the staining intensity. The larger number represented higher ERAP2 staining intensity (100×). The final score of samples is evaluated by multiplying the grade and corresponding area percentages. (B) Example of high and low ERAP2 expression in TMA. Left, high expression sample. Right, low expression sample (20×). (C) Clinicopathological information related heatmap of SqCLC TMA. (D) K-M curve showing the overall survival in SqCLC TMA stratified by ERAP2 expression. Red, ERAP2 high expression group. Green, low expression group. (E) Univariate analysis forest plot of clinicopathological factors, ERAP2 expression, and other immune markers’ expression in SqCLC TMA. CoExp, PD-L1, and CD47 co-expression. CD8+ TILs, CD8+ tumor infiltration lymphocytes. CD68+ M, CD68+ infiltration macrophages infiltration level. The red square represents risk factors for prognosis, while the blue square represents protective factors for patients. (F) Multivariate analysis forest plot of factors, which could predict the overall survival in the univariate analysis. CoExp, PD-L1, and CD47 co-expression. CD8+ TILs, CD8+ tumor infiltration lymphocytes. The red square represents risk factors for prognosis, while the blue square represents protective factors for patients.



To further explore the prognostic marker of SqCLC, firstly we performed a univariate analysis in our cohort (Figure 2E and Table 2). Then we conducted the multivariate analysis using the variables that were proved to be statistically significant in univariate analysis (Figure 2F and Table 3). ERAP2 was identified as an independent protective factor for SqCLC (Univariate, HR =0.659, 95% CI, 0.454-0.956, p-value=0.028; Multivariate, HR =0.523, 95% CI, 0.353-0.775, p value=0.001). The ERAP2 score and clinical information of each sample in our cohort was recorded in Supplementary Data 1.


Table 2 | Univariate Cox Regression of Prognostic Factors in SqCLC.




Table 3 | Multivariate Cox Regression of Prognostic Factors in SqCLC.





Construction of Nomogram

The 190 SqCLC patients with complete clinical information and follow-up survival time from our cohort were used to establish a prognostic nomograph using R software with the RMS package (Figure 3). All clinicopathological factors and immune markers expression status were included in the nomogram model. In the nomogram, the ERAP2 expression was a decisive parameter among all immune markers, for which score 0 represented 100 points and scored three indicated 0 points. The T stage behaved like a very effective indicator among clinicopathological factors, and T3 represented 100 points. The weight of gender, tumor diameter, PD-L1, and CD68+ macrophages were relatively low compared to other indicators. Total points over 700 could predict a survival rate <50% in 1-year survival, a survival rate <20% in 2-year survival, and a survival rate <10% in 3-year survival.




Figure 3 | Prognostic nomogram based on the clinicopathological factors, ERAP2 expression, and other immune markers predicting the 1-year, 2-year, and 3-year overall survival rate in our SqCLC cohort. T, T stage. N, N stage. CoExp, PD-L1and CD47 co-expression. CD8TILs, CD8+ tumor infiltration lymphocytes. CD68 Macrophage, CD68+ infiltration macrophages.





Exploration of ERAP2-Related Function by Pathway Enrichment

Based on SqCLC data from TCGA (Figures 4A–C) and GEO (Figures 4D–F), we analyzed signaling pathway enrichment for patients with ERAP2 expression levels. We revealed that high ERAP2 expression was synergistic with several immune-promoting biological processes. In both TCGA and GEO databases, high ERAP2 expression was enriched in the natural killer cell-mediated cytotoxicity pathway and T cell receptor signaling pathway, consistent with previous studies. In the TCGA database, high ERAP2 expression was also enriched in the positive regulation of lymphocyte differentiation, T cell activation terms, and positive regulation of innate immune response, suggesting that high ERAP2 expression was correlated with the immune active environment. In the GEO database, high ERAP2 expression was enriched in the PI3K-Akt signaling pathway, JAK-STAT pathway, and the Toll-like receptor pathway, arousing our interest in the molecular network about ERAP2.




Figure 4 | Pathway enrichment analysis of patients with different ERAP2 expression level in SqCLC public data. (A) Enrichment analysis based on TCGA SqCLC data. Upper: pathways, terms, or gene sets enriched in ERAP2 high expression group. (B) Representative GO terms and pathways enriched in DEGs between high and low ERAP2 expression groups based on TCGA SqCLC data. (C) Representative KEGG terms and pathways enriched in DEGs between high and low ERAP2 expression groups based on TCGA SqCLC data. (D) Enrichment analysis based on GEO SqCLC data. Upper: pathways, terms, or gene sets enriched in ERAP2 high expression group. (E) Representative GO terms and pathways enriched in DEGs between high and low ERAP2 expression groups based on GEO SqCLC data. (F) Representative KEGG terms and pathways enriched in DEGs between high and low ERAP2 expression groups based on GEO SqCLC data.





Immune-Related Exploration of ERAP2 in Public Data

Inspired by the pathway enrichment analysis results, we further explored the correlations between the expression of ERAP2 and several immune markers in public data using TIMER (an online tool). In Figure 5A, we showed the association between the expression level of ERAP2 and CD68, CD8A, CTLA4, FOXP3, CD274 (PD-L1), and CD4, in which ERAP2 was positively correlated with these markers and all the correlations were statistically significant (p=5.88e-08 for CD68, p=4.35e-14 for CD8A, p=1.28e-15 for CTLA4, p=1.65e-14 for FOXP3, p=1.27e-04 for CD274, p=9.98e-14 for CD4), indicating that ERAP2 may enhance the antitumor immune response.




Figure 5 | Immune associations about ERAP2 expression using public data (TIMER). (A) Correlations between the expression of ERAP2 and immune markers in SqCLC. Top: CD68, CD8A, CTLA4. Bottom: FOXP3, CD274, CD4. The correlation coefficient and p-value are in the top right corner of each picture. (B) Correlations between ERAP2 expression and immune cell infiltration level in SqCLC. Top CD8+ T cell, M0 macrophage. Middle: regulatory T cell regulatory, M1 macrophage. Bottom: Activated NK cell, M2 macrophage.



We then characterized the interactions between ERAP2 expression and immune cell infiltration levels in SqCLC samples (Figure 5B). Several immune cells were selected, including CD8+ T cells, M0 macrophages, regulatory T cells, M1 macrophages, activated NK cells, and M2 macrophages. ERAP2 expression was significantly positively correlated to the infiltration levels (CD8+ T cells, p=4.09e-03; M0 macrophages, p=1.93e-02; regulatory T cells, p=2.29e-02; M1 macrophages, p=2.16e-08; activated NK cells, p=1.00e-04; M2 macrophages, p=1.24e-06), consistent with previous findings in our study, further suggesting that ERAP2 may act as a tumor suppressor in SqCLC in an immune-promoting manner.



Immune-Related Exploration of ERAP2 in Our Cohort

We evaluated the IHC expression level of PD-L1, CD47, CD8, and CD68 in our cohort, and as shown in Figure 6A, pairwise correlation analysis was performed for all clinicopathological factors and molecular markers. We found that ERAP2 expression was significantly correlated with CD8+ TILs (Spearman r=0.22, p=0.0029, Figure 6B). Applying the median staining score of ERAP2 expression as the cut-off value (median=1.375), we classified all 190 SqCLC patients of our cohort into two groups and compared the expression levels CD47 and PD-L1 and the infiltrating density of CD8+ TILs and CD68+ Macrophages of them (Figure 6C). In the ERAP2 high expression group, the expression level of PD-L1 was significantly higher (p<0.05), meanwhile, the infiltrating density of CD8+ TILs were also considerably higher in the ERAP2 high expression group (p<0.05). ERAP2 expression in positive groups was significantly higher than in negative groups for all three immune markers, implying ERAP2 may exert significant functions in anti-tumor immunity. The representative images of each one patient from the ERAP2 high and low expression group (Figure 6D). In addition, we distributed all the patients of our cohort into positive and negative groups according to the status of PD-L1 (10% TPS as cutoff value), the status of PD-L1/CD47 co-expression (co-expression criteria: 1% for PD-L1 and 5% for CD47) and infiltrating density of CD8+ TILs (median as cutoff value). We compared the ERAP2 expression levels between the groups (Figure 6E).




Figure 6 | Association between ERAP2 expression and multiple immune markers in our SqCLC TMA. (A) Associations among all clinicopathological and immune markers in SqCLC TMAs. The circle color represents the correlational tendency. The circle size represents the statistical significance. Red, positive correlation. Green, negative correlation. Larger circle represents the lower p-value. (B) Correlation between ERAP2 expression and CD8+ TILs. Spearman relevant coefficient = 0.22, p-value=0.0029. (C) The relative quantity of immune markers in ERAP2 high and low expression patients of SqCLC TMAs. From left to right: CD47, PD-L1, CD8, and CD68. Blue, ERAP2 low expression group. Red, ERAP2 high expression group. Asterisk, p-value<0.05. (D) IHC images of representative patients in the ERAP2 high and low expression group (100×). Upper: representative patient with high ERAP2 expression. Lower: representative patient with low ERAP2 expression. From left to right: ERAP2, PD-L1, CD47, CD8+ TILs and CD68+ Macrophages. (E) The relative quantity of ERAP2 among patients with different immune marker statuses. From left to right: PD-L1, PD-L1 and CD47 co-expression, CD8+ TILs. Asterisk, p-value < 0.05.






Discussion

SqCLC has been a refractory disease for decades, with few inroads in targeted therapy, and only a minority of SqCLC patients have achieved sustained benefits from immunotherapy (5, 25). Based on public databases and our SqCLC cohort (190 patients), our study identified ERAP2 as a favorable prognostic indicator and potential enhancer for ICIs in SqCLC.

It is reasonable for us to believe that ERAP2 may exert a significant role in SqCLC. Using GEO and TCGA data, we found ERAP2 was lowly expressed in SqCLC and was significantly associated with longer survival. As an endoplasmic reticulum-settled enzyme, ERAP2 is responsible for the final trimming of peptides represented by the major histocompatibility complex (MHC) class I molecules (13). Previous researcher has demonstrated that ERAP2 enzyme function could affect T cell and NK cell responses towards normal and cancer cells as well as the synthesis of inflammatory cytokines (26). Since ERAP2 is deeply involved in the generation and destruction of immunopeptidome, its deficiency can lead to disorders in anti-tumor immunity activation. Considering our findings in the public database, we speculated that ERAP2 is of great worth in SqCLC.

We are the first to illustrate the predictive value of ERAP2 in SqCLC. The predictive value of ERAP2 was validated in SqCLC TMAs with high quality. All patients in our cohort accepted no pre-surgery treatments, and the most recent patient was diagnosed in 2011, offering a long enough follow-up period. In our cohort, ERAP2 expression was positively related to overall survival, consistent with what we found in the public database, providing further evidence for the definition of ERAP2 as a prognostic indicator in SqCLC. Moreover, using multivariate analysis, we confirmed that ERAP2 expression was an independent prognostic factor for SqCLC individuals based on our cohort.

Based on previous research, we hypothesized that the positive predictive function of ERAP2 in SqCLC derived from its ability to prevent immune evasion by modulating immune recognition (27) because improper trimming of peptides in ER is one of the strategies that cancer cells avoid the attack from the immune system (28). In 2021, Mpakali et al. (14) reported that ERAP2 can trim the peptides that enter the ER and are too long to fit into MHC I molecule. However, while trimming peptides, ERAP2 can also destroy tumor-associated antigenic peptides destined for loading on MHC I, thus affecting avoiding T cell response.

Little was known about how ERAP2 behaves in lung cancer. In 2014, Zhou et al. (29) reported that ERAP2 rs2248374/rs2549782-AG haplotype was significantly associated with increased NSCLC risk, while ERAP2 rs2248374/rs2549782-GT haplotype individuals tended to indicate a reduced risk. In 2021, Wis ́niewski et al. (30) asserted that the extent of ERAP2 presence could affect the anti-cancer response of ERAP1 in NSCLC. To our knowledge, there has been no study focusing on the ERAP2 expression in lung cancer so far, and the area of ERAP2 in SqCLC has never been set foot in.

One of the highlight conclusions of our study is that in both public data and our cohort, high expression of ERAP2 is correlated with the immunoreactive tumor microenvironment, which is favorable for administering immunotherapy in SqCLC. Due to its malignant nature and intricate genomic architecture, many SqCLC patients are marginalized in the prosperity of immunotherapy, failing to obtain sustained benefits from ICIs (31). In the realm of SqCLC, methods that can boost immunotherapy efficacy are demanding. The tumor microenvironment (TME) is an integral component of cancer, composed of various cell types crucial to tumor immunology (32). The TME infrastructure and the interactions between cancer cells and TME during cancer initiation and progression could dictate the response to immunotherapy (33). In our study, high ERAP2 expression was associated with high levels of multiple immune markers and cells, including PD-L1, CD47, CD8+ TILs, CD68+ Macrophages, and NK cells which were positive indicators for immunotherapy. Our findings of ERAP2 and NK cells were consistent with previous studies (13, 15), while we are the first to illustrate the associations between ERAP2 and other immune cells and markers. The positive association between ERAP2 and FOXP3 aroused our interest. Although FOXP3 was previously reported to promote tumor growth and metastasis in NSCLC (34), there were also researches asserting that tumoral FOXP3 had the potential to suppress tumor function in SqCLC (35). The involvements between FOXP3 and tumor immunity have not been clearly illustrated, and current results of tumor FOXP3 are inconsistent and inconclusive (36). The ERAP2 high expression group harbored an immune-active TME, suggesting the feasibility of immune-related treatments among SqCLC with ERAP2 high expression and the potentiality of ERAP2 as a biomarker for SqCLC immunotherapy. ERAP2 was also involved in autoimmune diseases, such as ankylosing spondylitis (34), whose etiology is unclear. The immune activation process during pre-eclampsia was also reported to be engaged with the differential expression of ERAP1/2 (37), suggesting the importance of ERAP2 in the immune system (38).

Under the pandemic of SARS-CoV-2, ERAP2 abnormity is related to the unfavorable clinical outcomes of COVID-19 infected patients, while ERAP2 may also inspire the development of the vaccine. Recently, ERAP2 was reported to participate in the virus antigen presentation process of COVID-19 (39, 40). ERAP2 and its homolog ERAP1 constituted an efficient filter to epitope presentation by greatly limiting the diversity of virus antigenic peptides sequences produced, suggesting the promising value of ERAP2 in SARS-CoV-2 immunogenicity studies and vaccine design (41). The rs150892504 mutations in the ERAP2 gene were believed to be a genetic factor related to severe life-threatening complications in individuals infected with coronavirus (42). Since ERAP2 was involved in the renin-angiotensin system (RAS), ERAP2 dysfunction was hypothesized to exacerbate the symptomatology and prognosis of the SARS-CoV-2.

Several limitations existed in our study. First, our TMAs only contained tumor tissue of each patient, lacking the data of matched normal samples. Secondly, we only performed IHC to a limited number of immune markers, which were far from enough to represent the whole ecosystem of TME. Third, we did not validate our findings at the transcriptional level because there were no fresh or fresh frozen samples.

In conclusion, our study is the first to intensively illustrate the role of ERAP2 in lung cancer. We identified ERAP2 as a positive prognostic biomarker for SqCLC and revealed its potentiality in predicting immunotherapy response, offering novel ideas for the administration of ICIs in SqCLC.
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Background

Epidermal growth factor receptor (EGFR) genotyping and programmed death ligand-1 (PD-L1) expressions are of paramount importance for treatment guidelines such as the use of tyrosine kinase inhibitors (TKIs) and immune checkpoint inhibitors (ICIs) in lung cancer. Conventional identification of EGFR or PD-L1 status requires surgical or biopsied tumor specimens, which are obtained through invasive procedures associated with risk of morbidities and may be unavailable to access tissue samples. Here, we developed an artificial intelligence (AI) system that can predict EGFR and PD-L1 status in using non-invasive computed tomography (CT) images.



Methods

A multitask AI system including deep learning (DL) module, radiomics (RA) module, and joint (JO) module combining the DL, RA, and clinical features was developed, trained, and optimized with CT images to predict the EGFR and PD-L1 status. We used feature selectors and feature fusion methods to find the best model among combinations of module types. The models were evaluated using the areas under the receiver operating characteristic curves (AUCs).



Results

Our multitask AI system yielded promising performance for gene expression status, subtype classification, and joint prediction. The AUCs of DL module achieved 0.842 (95% CI, 0.825–0.855) in the EGFR mutated status and 0.805 (95% CI, 0.779–0.829) in the mutated-EGFR subtypes discrimination (19Del, L858R, other mutations). DL module also demonstrated the AUCs of 0.799 (95% CI, 0.762–0.854) in the PD-L1 expression status and 0.837 (95% CI, 0.775–0.911) in the positive-PD-L1 subtypes (PD-L1 tumor proportion score, 1%–49% and ≥50%). Furthermore, the JO module of our AI system performed well in the EGFR and PD-L1 joint cohort, with an AUC of 0.928 (95% CI, 0.909–0.946) for distinguishing EGFR mutated status and 0.905 (95% CI, 0.886–0.930) for discriminating PD-L1 expression status.



Conclusion

Our AI system has demonstrated the encouraging results for identifying gene status and further assessing the genotypes. Both clinical indicators and radiomics features showed a complementary role in prediction and provided accurate estimates to predict EGFR and PD-L1 status. Furthermore, this non-invasive, high-throughput, and interpretable AI system can be used as an assistive tool in conjunction with or in lieu of ancillary tests and extensive diagnostic workups to facilitate early intervention.





Keywords: EGFR, PD-L1, NSCLC, deep learning, computed tomography



Introduction

Lung cancer is the second most commonly diagnosed cancer and the leading cause of mortality tumor throughout the world (1, 2). In China, there are around 733,000 new cases of lung cancer annually, and with over 610,000 deaths due to lung cancer (3), accounting for 37% new cases and 39.2% death cases of the world, respectively (4). Approximately 85% of lung cancer patients were histologically identified as non-small cell lung cancer (NSCLC), of which comprises the most common subtype such as lung adenocarcinoma (LUAD) and lung squamous cell carcinoma (LUSC) (5). Targeted therapies, as represented by epidermal growth factor receptor (EGFR) tyrosine kinase inhibitors (TKIs), and immune checkpoint inhibitor (ICI) treatments targeted the programmed death-1 (PD-1) receptor on T cells, or the programmed death ligand-1 (PD-L1) expressed by tumor cells; these two treatment paradigms have significantly revolutionized cancer treatment and improved survival outcome for lung cancer. Identifying predictive biomarkers is therefore crucial for choosing individuals who are potentially suitable to therapy.

In the era of precision medicine, lung cancer treatment depended on the genetics. Patients with EGFR mutated lung adenocarcinoma could achieve a longer progression-free survival (PFS) from EGFR-TKIs than conventional chemotherapy (6–8). However, the medication and efficacy varied among NSCLC patients with EGFR 19Del, L858R, or other types of mutations (9, 10). Meanwhile, ICIs targeting PD-1 or PD-L1 offer promising paradigm to treatment in NSCLC with high PD-L1 expression. The first-line pembrolizumab monotherapy can enhance overall survival (OS) and PFS in lung cancer patients with PD-L1 tumor proportion score (TPS) ≥50% (11, 12). However, gene detection is determined by surgical or biopsied tissue-based assays at present, which has many limitations: difficulties in accessing suitable tumor tissues due to their extensive genetic heterogeneity; associated morbidities or tumor metastasis during the invasive biopsies; and different antibodies, multiple scoring criteria, and poor DNA quality resulting in high heterogeneity of results (13). What is more, gene mutations could change over the course and progression during whole therapy, making it impractical and challenging to obtain tumor biopsy during multiple times. However, molecular profiling of relative high costs is not routinely performed for every patient, especially in low-resource settings. Therefore, a non-invasive method for identifying the mutation status is urgently needed.

Radiological images reflect abundant information on the entire tumor in non-invasive way (14). Recent advances in machine learning have promoted the disease diagnosis based on computed tomography (CT) images. Conventional radiomics methods, which are tedious and time consuming, include image segmentation, feature extraction and selection, model building, and data analysis. The radiological characteristics are affected by manual segmentation and CT scan parameters, and repeated professional analysis by doctors is necessary (14). Advances in deep learning could overcome these problems and have demonstrated accurate, reliable, and reproducible performance on triage tasks for detecting the abnormalities and diagnosing the disease (15, 16). These proposed deep learning models and techniques have achieved a predictive performance in estimating malignancy risk in pulmonary nodules and diagnosing pneumonia quickly during the COVID-19 pandemic. Recent new and exciting developments in artificial intelligence (AI) have provided new potential opportunities to predict the EGFR mutation or PD-L1 expression status on the basis of CT images (17, 18). However, the small datasets and binary task limit its applicability in the routine clinical work. There still exists a considerable challenge to objectively evaluate the ability of the model to predict the gene mutation status and gene subtypes.

In the present study, we proposed an AI system to mine CT image information to predict EGFR mutation status and mutated subtype (i.e., 19Del and L858R) and investigate the PD-L1 expression level and positive PD-L1 subtypes (PD-L1 TPS, 1%–49% and ≥50%) and further simultaneously identify both EGFR and PD-L1 status, aiming to provide support for clinical decision-making.



Materials and Methods


Patients Cohort and Data Collection

This study retrospectively included consecutive patients with NSCLC who visited West China Hospital of Sichuan University (Sichuan, China) from June 2019 and June 2021. The current study was performed in compliance with the Declaration of Helsinki and approved by the Institutional Review Board (IRB)/Ethics Committee. Written informed consent was waived because the data used for system development were de-identified by removing personal information. Patients who meet the following inclusion criteria were collected into this study: (1) histologically verified primary NSCLC, (2) pathological analysis of tumor tissues with thorough EGFR or PD-L1 testing results, and (3) preoperative CT images. Patients were excluded if (1) clinical data such as age, sex, and stage were missing; (2) preoperative treatment was received; (3) the duration between CT examination and subsequent surgery exceeded 1 month; or (4) tumors <1cm in size and CT imaging artifact were found. Following the screening of exclusion criteria, we selected our primary cohort (n = 3,816) for model development. Furthermore, we created a subset of EGFR cohort (n = 3,629), PD-L1 cohort (n=873), and EGFR and PD-L1 joint cohort (n = 818) who underwent staining based on surgery or biopsy specimens and gene testing (EGFR, PD-L1 or both), with the goal of evaluating the performance of our models for three prediction tasks: gene mutation status, gene subtypes, and joint prediction.

EGFR gene status was determined to be mutated (including 19Del, L858R, and Others) and wild by amplification refractory mutation system-polymerase chain reaction (ARMS-PCR) or next-generation sequencing (NGS). PD-L1 expression status was identified as positive and negative according to PD-L1 TPS (≥1% vs. <1%; TPS is the percentage of tumor cells with membranous PD-L1 staining, with TPS ≥1% indicating positivity; TPS 1%–49% and ≥50% indicating low PD-L1+ and high PD-L1+, respectively) using SP142 antibody in immunohistochemical (IHC) assays performed on the Ventana Benchmark platform. After being reviewed by senior pathologists, these gene testing results were regarded as the gold criteria in the current study. The CT data utilized in this study came from a variety of suppliers (GE, Philips, Siemens United Imaging Health) to assess the resilience of our AI system in multiple clinical contexts. All CT scans had a resolution of 512 × 512, with slice spacing ranging from 0.625 to 5 mm in the axial direction. For the electronic health records (EHRs) data collection in our study, ideally, for a unique patient, his/her EHRs data should at least include basic information, i.e., age, sex, tumor stage, and smoking status, and radiology reports in line with international standards.

For multitask AI system, we collected multimodal data that comprised (a) deep learning features based on CT images, which consisted of a global texture feature and a tumor local texture feature; (b) radiomics features that extracted and analyzed a large number of advanced quantitative image features with high throughput; and (c) clinical features that included demographics, comorbidities, and clinical symptoms.



Data Pre-Processing

In this experiment, we obtained the training and testing cohorts from the EGFR/PD-L1 dataset by stratified and random sampling of patients at a ratio of 4:1. For the CT images, two groups of doctors were asked to delineate of the specific mask of the entire tumor. The tumor–mask pair was then fed into the radiomics model, which extracted radiomic characteristics, and the deep learning model, which extracted deep learning features. For deep learning feature analysis, a cubic region of interest (ROI) containing the entire tumor with surrounding information was supplied and retrieved local deep learning features by the local DL model, and the global DL model took the corresponding origin CT volume as input. Finally, as deep learning features, local deep feature and global deep feature were combined. Using pre-computed windowing information, all cubic ROI and origin CT volume pixels were normalized to 0–255, and all CT volumes were resized to the same size of 36 × 36 × 36 using third-order spline interpolation. To reduce overfitting, data augmentations such as horizontal flip, random resizing cropping, random rotation, and random color jittering were used throughout the training phase. For the final model training and inference, a random crop of 32 × 32 × 32 would be employed.



Construction of AI System

We developed a deep-learning-based AI system for scalable gene prediction in patients. To summarize, our proposed AI system employed a modular pipeline method with four key components (Figure 1): deep learning module, radiomics module, clinical module, and feature fusion module. The following was a full description of the AI system.




Figure 1 | Overall workflow in our study. (A) Data preparation stage included original CT image data, with manually labeled tumor images, NGS testing gene mutation status, gene mutation subtypes, radiology records, and patients’ fundamental clinical indications. (B) A novel dual-pathway deep learning network architecture that performed CT volume and tumor volume feature extraction, named DL feature, using the trained backbone for gene prediction and further to fuse the extracted feature with another learnable pathway using an asymmetric non-local fusion module. (C) The pipeline of radiomics analysis model extracted radiomics features based on manually segmented contour of the tumor. (D) The clinical feature considered a full coverage of clinical information, including radiology signs that applied NLP techniques to extract structured labels from radiology reports. (E) The feature fusion utilized full connection to provide self-adaptation on the combination of deep learning features, radiomics features, and clinical features. (F) Validation of the proposed AI system.



For the deep learning module (Figure 1B), in order to pay more attention to contextual features (different lesion signs usually appear at the same time) and use these correlation lesion signs to improve the model’s representation learning ability, this study proposed a novel dual-pathway deep learning network architecture that performs CT volume and tumor volume feature as local and global information, using the weighted-share backbone to capture the dependence between tumor detail information and the whole CT information in a large range. To be more specific, both the encoders of the framework (local and global) were composed of several 3D convolution and residual blocks, and the continuous multislice (tumor and full CT images) were used to form trainable 3D data patches, which were then fed as two branch inputs to realize multiscale local and global information extraction through progressive fusion, making full use of context texture information of 3D image space. In addition, due to the different roles of global feature and local feature in specific prediction, it was necessary to conduct corresponding modeling for different extracted features; therefore, we adopted an asymmetric non-local fusion layer to implicitly modeled the attentional mechanism. For each weight-sharing branch of the backbone, for 3D volumes, we applied a 3D ResNet-18 feature extractor and fine-tuned the parameters by the pre-trained model. As a consequence, transfer learning was employed to address the issue of insufficient training data by first learning the neural network’s unique weights on the source data set. Because several gene mutations might co-exist or overlap on the same patient, a multilabel triage loss function with sigmoid active function was used instead of the standard multiclass classification loss.

The radiomics module (Figure 1C) retrieved and quantified a large number of characteristic data from tumor images and processed genetic and tumor information from more high-dimensional features that cannot be observed by the human naked eye to construct clinical features. The following pipeline steps were used to extract image radiomics features: (1) precise segmentation of suspected tumors, (2) extraction of large high-dimensional characteristics from suspected tumor area, and (3) filtered and reduced correlation features to prevent overfitting. To begin, 1,247 radiomics characteristics were extracted from each tumor–mask pair volume (segmented by the doctors). These characteristics included first-order (HU stats), shape, and texture properties.

The first-order feature depicted the intensity distribution of CT values in the volume of interest by common basic measures, such as mean, range, and standard deviation. The texture features were classified into five categories: (1) the gray-level co-occurrence matrix, (2) the gray-level difference matrix, (3) the gray-level run-length matrix, (4) the gray-level size-zone matrix, and (5) the gray-tone difference matrix in the neighborhood. Following that, for each feature in a specific tumor, we summarized and examined the distribution of the feature’s values across nine filters and eight wavelet transformations in high dimensions. Then, the least absolute shrinkage and selection operator (LASSO) method was used on the feature set to eliminate the correlation radiomics characteristics with low variance (<0.8). Finally, around 100-dimensional features were selected as the most useful radiomics features in LASSO model.

The clinical module (Figure 1D) acquired structured abnormality symptoms and the patients’ basic clinical information. Although CT imaging can provide some insight into the effectiveness of cancer immunotherapy, the clinical information of patients including age, sex, tumor staging, number, size, past recurrence, and medication status had all been linked to the efficacy of cancer immunotherapy. How to effectively combine imaging and clinical information to construct an individual prediction model remained another key problem. For the structured information, such as sex, we mainly used the one-hot strategy to convert category variables into a sparse vector space that machine learning algorithms can easily use. For the free-text reports, such as radiology record, we used the natural language processing (NLP) algorithm to perform free-text record analysis to predict patients’ radiological abnormalities into a structured label vector format (binary vector of labels for the targeting abnormality). To create uniform length vectors, the raw free texts were first vectorized using a data vectorization process. The text classifier was then trained using supervised learning, which may be used to generate labels (e.g., radiological abnormalities) automatically. The text classifier was trained using pre-annotated text–label pairs. Then, these structured symptoms label vectors and structured patients’ basic clinical information were merged into the combined vector as our clinical features.

The fusion module made use of the fully connectivity layer to provide self-adaptation based on a combination of deep learning (DL), radiomics (RA), and clinical (CL) features. Prior to the fusion action, both features were followed by a new conversion layer, specifically, a 512D-output full connection layer, which bridged the dimensional gap between the types of features and boosts the convergence of our feature fusion module. As a consequence, our model could jointly project these diverse features to an embedding feature space, allowing us to make better use of individual feature strength.



Statistical Analysis

The following measures were used to assess the performance of our classifiers: area under the receiver operating characteristic curve (AUC), accuracy, sensitivity, and specificity. The 95% confidence intervals (CIs) for the AUC were calculated through DeLong technique. The median and interquartile range (IQR) with a 95% CI were used to represent continuous variables. Independent sample t-test was used to assess the significance of mean age of EGFR mutant and EGFR genotyping patients. The same statistical analysis was performed for scores in the PD-L1 mutant group and the PPD-L1 negative (PD-L1-) and positive (low PD-L1+; high PD-L1+) groups. χ2 test was used to evaluate the differences in sex and other symptoms in each cohort. The ANOVA test was used to determine whether there was a difference between the joint categories of genes mutant patients. All statistical tests were two-tailed, with statistical significance set at P < 0.05 considered as significant. Our implementation of the deep learning model used the Pytorch toolkit and Python 3.7.




Results


Patient Characteristics of Enrolled Datasets

A total of 4,404 patients were initially identified who had been pathologically diagnosed with lung cancer and had undergone the molecular (EGFR or PD-L1) test (Figure 2). Following eligibility screening, this study included three cohorts of 3,816 eligible patients with consecutive chest CT images. The EGFR cohort (n = 3,629), PD-L1 cohort (n = 873), and EGFR and PD-L1 cohort (n = 818) were enrolled, divided into 80% training/internal validation and 20% testing sets, to develop and optimize our AI systems for differentiating positive EGFR mutation or PD-L1 expression status from negative ones. The sum of three cohorts were not equal to the number of total cohorts due to that molecular profiling of EGFR or PD-L1 was not routinely performed for every patient. Among the whole patients, the mean age was 59 years, and 2,067 (54.17%) patients were male. There were 2,067 (54.17%) never-smokers, 3,353 (87.87%) with no family history of cancer, and 2,937 (76.97%) LUAD patients. For tumor stage, patients with stages I, II, III, and IV were 1,136 (29.77%), 284 (7.44%), 742 (19.44%), and 1,475 (38.65%), respectively. There was no significant difference for age (p = 0.508), sex (p = 0.143), smoking status (p = 0.759), family history of cancer (p = 0.503), histopathology (p = 0.324), tumor stage (p = 0.497) among these three cohorts. Demographic and clinical characteristics of included dataset are depicted in Table 1.




Figure 2 | Illustration of workflow in this study. Between June 2019 and June 2021, this study included primary cohort 3,816 consecutive patients with NSCLC who visited West China Hospital (Sichuan, China) for model development and validation. Additionally, we built a subset (EGFR cohort and PD-L1 cohort) for patients who underwent staining based on histological specimens and molecular test (EGFR, PD-L1), aiming to evaluate the performance of our models on predicting events gene mutation status and gene subtype. Cohort EGFR and PD-L1 was used to evaluate model performance in joint immunity prediction.




Table 1 | Clinical characteristics of patients used to measure EGFR mutation and PD-L1 expression status.





Evaluation of Model Performance in Predicting EGFR Mutation Status

In this step, three models including deep learning (DL) model, radiomics (RA) model, and joint (JO) model combining the DL, RA, and CL features were trained and developed to distinguish the mutated EGFR from the wild EGFR patients and subsequently discriminate the mutated EGFR subtypes (19Del, L858R, and others). On the binary task of distinguishing mutated EGFR from wild ones, the AUCs of DL, RA, and JO models were 0.880 (95% CI, 0.871–0.892) and 0.842 (95% CI, 0.825–0.855), 0.838 (95% CI, 0.827–0.850) and 0.805 (95% CI, 0.789–0.827), and 0.919 (95% CI, 0.914-0.924) and 0.895 (95% CI, 0.883–0.907) in training and testing sets, separately (Figure 3 and Table 2). Pertaining to three-way triage task discriminating the mutated EGFR subtypes, DL, RA, and JO models achieved the mean AUCs of 0.842 (95% CI, 0.828–0.855) and 0.805 (95% CI, 0.779–0.829), 0.809 (95% CI, 0.791–0.829) and 0.767 (95% CI, 0.735–0.791), and 0.873 (95% CI, 0.860–0.884) and 0.841 (95% CI, 0.818–0.864) in predicting 19Del, L858R, and other mutation status on the training and testing sets, respectively (Figure 3 and Table 2). No matter which task, the proposed binary task and subtype classification, the performance of the joint model showed the best performance, and the combination of radiomics and clinical features contributed most to the EGFR prediction, which implied the associations and the complementarity of deep learning, radiomics, and clinical features.




Figure 3 | The model performances in the prediction of two outcomes (EGFR cohort and PD-L1 cohort). The ROC curves for predicting (A) EGFR gene mutation status (mutant or wild); (B) PD-L1 status (positive or negative); (C) EGFR gene subtype mutations (19Del; L858R or Other); (D) PD-L1expression status (PD-L1 TPS 1%–49% or ≥50%). DL indicated that our image-based DL system used local tumor volume and global CT volume. RA indicated that our image-based radiomics model and the JO indicated that the joint model combined with the DL feature, radiomics feature, and clinical features. The solid line represents the performances on the training set, and the dotted line represents the effect on the test set.




Table 2 | Predictive performance of EGFR status and EGFR mutated subtypes using three methods in the training and testing cohorts.





Evaluation of Model Performance in Predicting PD-L1 Expression Status

The trained AI system was also evaluated on the PD-L1 cohort to distinguish the positive PD-L1-positive (PD-L1 TPS ≥1%) from the PD-L1-nagetive (PD-L1 TPS <1%) patients and subsequently discriminate the PD-L1-positive subtypes (low positive PD-L1, 1%–49%; high positive PD-L1, TPS ≥50%). On the binary task of distinguishing positive PD-L1 from negative PD-L1 ones, the AUCs of DL, RA, and JO models were 0.851 (95% CI, 0.833–0.872) and 0.799 (95% CI, 0.762–0.854), 0.819 (95% CI, 0.800–0.845) and 0.795 (95% CI, 0.748–0.843), 0.885 (95% CI, 0.867–0.905) and 0.867 (95% CI, 0.817–0.897) in training and testing sets, separately (Figure 3 and Table 2). Pertaining to binary task classifying the positive-PD-L1 subtypes into low positive and high positive groups, DL, RA, and JO models achieved predictive performance with the AUCs of 0.911 (95% CI, 0.875–0.941) and 0.837 (95% CI, 0.775–0.911), 0.884 (95% CI, 0.841–0.917) and 0.836 (95% CI, 0.775–0.892), and 0.919 (95% CI, 0.889–0.942) and 0.864 (95% CI, 0.802–0.924) in the training and testing sets, respectively (Figure 3 and Table 3). The performance of DL model outperformed RA models in both training and testing cohorts. What is more, JO model also performed superior than both DL and RA models. Both results confirmed that the JO model was sensitive to radiomics and clinical information and differentiating positive PD-L1 from negative PD-L1 with reasonable accuracy as a diagnostic tool.


Table 3 | Predictive performance of PD-L1 status and PD-L1 expression using three methods in the training and testing cohorts.





Evaluation of Model Performance in Predicting Both EGFR and PD-L1 Expression Status

We next investigated the feasibility of assessing the multigenes mutation status. Three models also demonstrated the robust performance in the co-existing immunity cohort. In the multiple task in terms of four-way classification (multitask classifier) into EGFR(+)PD-L1(+), EGFR(+)PD-L1(−), EGFR(−)PD-L1(+), and EGFR(−)PD-L1(−) groups, DL, RA, and JO model achieved the AUCs of 0.906 (95% CI, 0.885–0.930) and 0.879 (95% CI, 0.854–0.906), 0.860 (95% CI, 0.816–0.902) and 0.856 (95% CI, 0.815–0.897), and 0.928 (95% CI, 0.909–0.946) and 0.905 (95% CI, 0.886–0.930) in the training and testing sets, respectively (Figure 4; Table 4). These results proved the potential of our joint model’ ability to predict multigene events that may occur in at least two mutants on a single patient.




Figure 4 | The model performances in the prediction of joint-mutant genes (EGFR and PD-L1 cohort). Confusion matrix of (A) training set and (B) testing set indicated most errors occurred in the adjacent groups. (C) The ROC curves and (D) three model scores predicting EGFR mutation; (E) the ROC curves and (F) three model scores predicting PD-L1 expression status.




Table 4 | Predictive performance of EGFR and PD-L1 status performance using three methods in the joint cohort.





Deep Learning Model Interpretability

For each image, the attention of the model can be visualized for human interpretability and validation. High-resolution feature visualization provides an intuitive manner to understand the distribution of features used in this investigation. The aim of this section was to evaluate and validate the potential clinical application of the joint model of heatmaps as saliency models through CT volumes. In the attention map of the deep learning model through CAM, the dark color areas might be the tumor center, visualizing the attention regions located at the border of the lesion of a network to capture the discriminative information pertaining to the prediction results of distinct mutant categories (Figure 5). When the deep learning model predicts gene mutation status, it could simultaneously tell human experts which area draws the attention of the model. Additionally, the deep learning framework was based on pixel-level models, with the shallow layers of the model focused on textural information between pixels in CT images, such as horizontal and diagonal edges, while ignoring some general information about the tumor. On the contrary, as the network becomes deeper, more complicated characteristics, such as tumor semantics, were learned at the deep convolutional layer. Furthermore, the radiomics model concentrates primarily on some general tumor properties rather than on specific local low-dimensional tumor aspects. As a result, for a better understanding of the joint deep learning feature, we compared the model based only on deep learning feature and the joint model feature incorporating radiomics and clinical factors on the convolution filter.




Figure 5 | Heatmap of characteristics that contributed to the prediction of gene mutation (A) EGFR and PD-L1 status; (B) EGFR subtype (19Del, L858R, or other); (C) PD-L1expression status (PD-L1 TPS, 1%–49% or ≥50%); (D) EGFR mutation combined with PD-L1 status using different filters. The first row showed the origin tumor image in the 3D volume; the second and third rows visualize the attention regions of a network for distinct mutant categories.






Discussion

Accurate and rapid quantification of EGFR mutation and PD-L1 expression status is of paramount importance in identifying of NSCLC patients more suitable for EGFR-TKI or ICI therapies, further guiding clinical decision-making. However, the dynamic change in proportion of cells expressing EGFR mutation or PD-L1 level and the invasive tissue/biopsy-based nature limit the applicability of EGFR or PD-L1 testing compared to image-based assays. Thus, there is a need for a non-invasive, accurate, reliable, and reproducible method to assess EGFR/PD-L1 status. In this study, we proposed a deep learning model using non-invasive chest CT images, which demonstrated the favorable performance to predict EGFR mutation/PD-L1 expression status and their subtypes for NSCLC patients.

According to the National Comprehensive Cancer Network (NCCN) Guidelines, multiple gene status especially EGFR and PD-L1 TPS should be known before deciding whether to use either targeted therapy or immunotherapy (19). However, gene detection posed a challenge, as suitable specimens were obtained through invasive procedure. These assessments were affected by heterogeneity of antibodies, platforms, and different clinicians. For example, the current study utilized SP142 antibody to score membrane-localized PD-L1 staining in tumor cells and tumor-infiltrating immune cells, which ignored cytoplasmic- or nuclei-located PD-L1. In addition, although the treatment strategy for NSCLC has rapidly evolved with the emergence of targeted therapy and immunotherapy, persistent drug responses remain limited to a subset of patients, such as the response rates of ICIs ranged from 14% to 20% in unselected patients (20, 21). Patients with PD-L1 level ≥50% would benefit from chemoimmunotherapy than single-agent immunotherapy (response rates of 60% and 40%, respectively) (11, 22, 23). The median PFS in patients with EGFR 19Del was longer than in patients with EGFR L858R treated with EGFR-TKI (10, 24). It was worth exploring the comprehensive method to assess precise gene status.

In clinical practice, CT scans are routinely available. Frontier studies combined radiological images and deep learning technology and have become trend in screening, diagnosis, gene prediction, and prognosis of lung cancer (15, 25, 26). Previous studies proposed deep learning models trained on CT images to predict high PD-L1 expression or EGFR mutated status of NSCLC (17, 18). Meanwhile, a deep-learning model based on radiology text reports was performed to estimate objective response of PD-1 blockade in NSCLC patients (27). However, these models only focused on binary tasks of gene status constructed on single-omics data, which were unsuitable for routine clinical work. Herein, we explored an approach with promising performance to predict gene mutation and further specific type based on large sample CT images and clinical features. This detailed molecular information including EGFR mutated (19Del, L858R, other) or wild; PD-L1 (≥50%) assists physician in accurate treatment. Additionally, several studies using deep learning inferred therapeutic effects of TKIs or ICIs in NSCLS patients (18, 28, 29). We would further update this multitask AI system to predict the clinical outcomes of treatment more accurately.

In terms of algorithm, radiomics and deep learning features were integrated to mine CT image features. In addition, clinical features were integrated to try to build a prediction model with superior performance, which was more in line with routine clinical work. Not surprisingly, the performance of the integrated model was better than the deep learning model and radiomics model. This also reflected the trend of characteristic fusion. Although our AI system performed well in this aspect, it failed well short of the gold standard set by laboratory studies. To increase prediction accuracy, our AI system, for example, would benefit from other source data kinds. For example, clinical or laboratory information (such as blood biochemical analysis) might be incorporated as an additional information source to our joint AI system.

Our study has some limitations. First, this was a single-center study, and the predictive value of our model still needs to be validated in other medical centers. Second, this was a retrospective study. NSCLC patients may take multiple genes detection during treatment, which may cause some selection biases. Finally, this research only focused on EGFR and PD-L1. More extensive data would be collected to support additional mutation of NSCLC, such as ALK, ROS1, and KRAS mutation in the future.

In conclusion, this study demonstrated an AI system’s value in assisting medical professionals provide a non-invasive and easy-to-use method to identify the expression status of common genes EGFR and PD-L1 through CT images, which may serve as a predictive biomarker for guiding the target therapy and immunotherapy in NSCLC patients. Future refinement and improvement will expand its use into predicting other common genes mutation in larger and prospective trials.
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Based on data analysis of 9649 Chinese primary NSCLC patients, we calculated the exact proportion of EGFR subtypes in NSCLC and evaluated the TMB level, PD-L1 expression level and tumor immune microenvironment among different EGFR mutation subtypes. Postoperative follow-up data for 98 patients were collected and analyzed. The results showed that several uncommon EGFR mutation subtypes have a higher proportion of TMB-high or strong positive PD-L1 expression than the total EGFR mutation group. In addition, different subtypes have different characteristics related to the immune microenvironment, such as G719 mutations being associated with more CD8+ T cell infiltration into tumors; except for EGFR 19del, CD8+ T cell infiltration into tumors of other EGFR mutation subtypes were similar to that of wildtype EGFR. Moreover, follow-up results revealed that components of the immune microenvironment have prognostic value for NSCLC patients, with different prognostic biomarkers for NSCLC patients with and without EGFR mutations. These results suggest that patients with different EGFR mutations need to be treated differently. The prognosis of NSCLC patients may be assessed through components of tumor immune microenvironment, and ICIs treatment may be considered for those with some uncommon EGFR mutation subtypes.
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Introduction

Lung cancer is a complex disease consisting of a variety of molecular and histological types of clinical relevance. The incidence of lung cancer is rising globally. GLOBOCAN estimated 2.09 million new cases in 2018, which is higher than the 1.8 million new cases reported in 2012. The 5-year survival of lung cancer was reported in 2019 to be 19.4% (1). Clinical diagnosis of lung cancer is divided according to pathology into small cell lung cancer (SCLC) and non-small-cell lung cancer (NSCLC). NSCLC can be further classified into squamous cell carcinoma (SCC), adenocarcinoma (ADC), large-cell lung carcinoma (LCLC), and other types, including salivary gland-type tumors and sarcomatoid carcinomas, etc. (2). EGFR mutations are detected in 15% of lung adenocarcinomas in the United States, and the most common mutations occur in exon 19 and exon 21 (3, 4); in China, however, the proportion of EGFR mutations in lung cancer is very different from that in other regions. In this study, we used data for 9649 Chinese primary NSCLC patients to calculate the exact ratio of different EGFR mutation subtypes reported to be associated with the efficacy of tyrosine kinase inhibitors (TKIs) and immune checkpoint inhibitors (ICIs). Large-scale molecular profiling helps to identify potential molecular targets that can be applied in treating patients with specific lung cancers and facilitates a more refined molecular classification of lung cancer.

Programmed cell death protein 1/programmed cell death ligand 1 (PD-1/PD-L1) act to suppress activation of T lymphocytes, and anti-PD-1/PD-L1 therapy has gained great success in the treatment of several solid tumors, such as lung cancer. In addition, biomarkers that can be used to predict response to immunotherapy, to optimize patient benefit and to minimize negative effects have been widely explored and utilized, including PD-L1, TMB, MSI/dMMR (5, 6), and components of the tumor immune microenvironment. PD-1/PD-L1 immunotherapy strategies have recently been explored for NSCLC treatment. Before examining the potential of immunotherapy for each EGFR mutation subtypes of NSCLC, we attempted to unveil the genetic and immunologic landscape of NSCLC harboring different EGFR mutations.

Heterogeneity is an important feature of tumors, and in addition to cancer cells, a wide range of immune cells can infiltrate into human tumor tissues, including both innate and adaptive immune cells. Immune cells within the tumor microenvironment, termed the tumor immune microenvironment (TIME), play important roles in tumor evolution. It is now increasingly accepted that cancer cells interact closely with the components of the TIME, and in turn, the characteristics of the TIME can affect tumor response to immunotherapy. Moreover, the prognostic significance of components in the TIME, such as CD8+ T cells, has been revealed for several cancers (7, 8). Among adaptive immune cells, tumor-infiltrating lymphocytes (TILs) have been explored widely (9). By definition, TILs include several immune cells, such as T-cells, B-cells, and NK cells (10). The components and characteristics of a specific tumor microenvironment can be considered predictive biomarkers and, to some extent, provide clues regarding the potential application of ICIs.



Material and Methods


Clinical Specimens

The Formalin-Fixed Paraffin-Embedded (FFPE) tissues samples from 9649 primary NSCLC patients who have underwent next-generation sequencing (NGS) in a laboratory accredited by the Clinical Laboratory Improvement Amendment (CLIA) and College of American Pathologists (CAP) (3D Medicines Inc., Shanghai, China) from June 2015 to October 2020 were analyzed. Formalin- Hematoxylin and eosin (H&E) staining was used to evaluated tumor cell content of FFPE tissue sections using. Only samples with a tumor content of 20% and above were allowed for subsequent analyses. The written informed consent was obtained from all included patients. The postoperative follow-up data of 98 NSCLC patients were collected, the median follow-up is 27.3 months., as of now, three of these patients have died. Characteristics of these patients have been listed in the table (Table 1).


Table 1 | Patient characteristics in the follow-up cohort.





Tissue Processing and Genomic DNA Extraction

FFPE tissue sections were placed in a 1.5 microcentrifuge tube and deparaffinized with mineral oil. Then incubated the samples with proteinase and lysis buffer K overnight at 56° C t until the tissue was fully digested. Subsequently, the lysate was incubated at 80°C for 4 hours to reverse formaldehyde crosslinks. Then followed the manufacturer’s protocol, isolated genomic DNA from tissue samples using the ReliaPrep™ FFPE gDNA Miniprep System (Promega) and quantified using the Qubit™ dsDNA HS Assay Kit (Thermo Fisher Scientific).



Library Preparation and Targeted Capture (for WES)

Samples of 70 patients were underwent whole exome sequencing (WES). An S220 focused ultrasonicator (Covaris) was used to spear DNA extracts (30-200 ng) to 250 bp fragments using a. Libraries were subsequently prepared using the KAPA Hyper Prep Kit (KAPA Biosystems) according to the manufacturer’s introduction. The fragment size distribution and concentration of each library were determined using a LabChip GX Touch HT Analyzer (PerkinElmer) and a Qubit 3.0 fluorometer (Thermo Fisher Scientific), respectively. Briefly, 500 ng of indexed DNA libraries were pooled to obtain 2 μg of DNA, which was then mixed with Human Cot-1 DNA and xGen Universal Blockers-TS Mix and dried down in a SpeedVac system. The Hybridization Master Mix was added, followed by incubation at 95°C for 10 min. Four microliters of the exGen Exome Research Panel v1.0 (IDT) were then added and the mixture was incubated at 65°C overnight. Target regions were captured following the manufacturer’s instructions. The size distribution and concentration of the final library were determined using a LabChip GX Touch HT Analyzer (PerkinElmer) and a Qubit 3.0 fluorometer (Thermo Fisher Scientific), respectively.



Library Preparation and Targeted Capture (for Tissue-Based Targeted Panel Sequencing)

An S220 focused ultrasonicator (Covaris) was used to spear DNA extracts (30-200 ng) to 250 bp fragments using an. Then KAPA Hyper Prep Kit (KAPA Biosystems) was used to prepare libraries were prepared. The fragment size distribution and concentration of each library were determined using a LabChip GX Touch HT Analyzer (PerkinElmer) a Qubit 3.0 fluorometer (Thermo Fisher Scientific), respectively. For targeted capture, indexed libraries were subjected to probe-based hybridization with a customized NGS panel targeting whole exons of 733 cancer-related genes (Supplementary Table 1), where the probe baits were individually synthesized 5′ biotinylated 120 bp DNA oligonucleotides (IDT). According to the annotation of UCSC Genome RepeatMasker, repetitive elements were filtered out from intronic baits. The xGen® Hybridization and Wash Kit (IDT) was used for hybridization enrichment. Briefly, 500 ng indexed DNA libraries were pooled to obtain a total amount of 2 μg of DNA. The pooled DNA sample was then mixed with human cot DNA and xGen Universal Blockers-TS Mix and dried down in a SpeedVac system. The Hybridization Master Mix was added to the samples and incubated in a thermal cycler at 95°C for 10 min, before being mixed and incubated with 4 μl of probes at 65°C overnight. The target regions were captured following the manufacturer’s instructions. The size distribution and concentration of the final library were determined using a LabChip GX Touch HT Analyzer (PerkinElmer) and a Qubit 3.0 fluorometer (Thermo Fisher Scientific), respectively.



DNA Sequencing, Data Processing, and Variant Calling (for Tissue-Based Testing)

The captured libraries were loaded onto a NovaSeq 6000 platform (Illumina) for 100 bp paired-end sequencing with a mean sequencing depth of 35000X. Using the Burrows-Wheeler Aligner (v0.7.12) to map the raw data of paired samples (an FFPE sample and its normal tissue control) to the reference human genome hg19. Deleted PCR duplicate reads and used Picard (v1.130) and SAMtools (v1.1.19) to collect sequence metrics, respectively. Using an in-house developed R package to detect Somatic single nucleotide variants (SNVs) to execute a variant detection model based on binomial test. Local realignment was performed to detect indels. Filtered variants though their unique supporting read depth, base quality and strand bias, as described before (11). Then filtered all variants using an automated false positive filtering pipeline to ensure specificity and sensitivity at an allele frequency (AF) of ≥ 5%. Indels and single-nucleotide polymorphism (SNPs) were annotated by ANNOVAR against the following databases: 1000Genome, dbSNP (v138) and ESP6500 (population frequency > 0.015). Only stopgain, missense, frameshift and non-frameshift indel mutations were retained. Gene rearrangements and copy number variations (CNVs) were detected as described earlier (11).



PD-L1 Expression by Immunohistochemistry (IHC) 22C3 Antibody

FFPE tissue sections were subjected to assessment of PD-L1 expression using the PDL1 IHC 22C3 pharmDx assay (Agilent Technologies). In brief, FFPE tissue sections were dried, and fixed on positively charged slides at 56 to 60°C for 1 hour. With antigen repaired, then placed the slides in the Autostainer Link 48 platform (Dako) to incubate with the anti-human PD-L1 monoclonal antibody, clone 22C3 pharmDx, then incubated with the secondary antibody, and subsequent a substrate-chromogen solution (DAB). Tumor Proportion Score (TPS), as described previously (12, 13), was calculated to evaluate PD-L1 expression level.,



Tumor Microenvironment (TME) by Multiplex Immunofluorescence (mIF)

Multiplex immunofluorescence staining was conducted using the PANO 7-plex IHC kit (Panovue). Primary antibodies targeting CD8 (clone C8/144B), CD56 (clone 123C3), HLA-DR (clone EPR3692), CD68 (clone BP6036) and PanCK (Cocktail) were sequentially applied to FFPE tissue slides, subsequently, incubated with horseradish peroxidase-conjugated secondary antibody and tyramide signal amplification. The slides were heat-treated in a microwave after each round of tyramide signal amplification. Cell nuclei acids were stained with 4′-6′-diamidino-2-phenylindole (DAPI, SIGMA-ALDRICH) once all immune cells had been labelled. A Mantra workstation, capture fluorescent spectra at 20 nm wavelength intervals from 420 nm to 720 nm with an absolute magnification of ×200 and ×100 and fixed exposure time, was used to scan multiplex stained slides. Then superimposed all scans for each slide to obtain a single image.

Images of monoplex stained and unstained slides were applied to subtract the spectrum of each tissue autofluorescence and fluorophore, respectively. The inForm Image Analysis Software (PerkinElmer) was applied to create a spectral library required for multispectral unmixing. This spectral library was used to re-constructure slide images without autofluorescence. The quantity of immune cells including macrophages, CD8+ T cells, and NK cells were calculated as the number of positively stained cells per square millimeter and percentage of positively stained cells in all nucleated cells.



TMB

For data processing and reads mapping, please refer to “DNA sequencing, data processing, and variant calling (for tissue-based testing)”. TMB was defined as the count of synonymous and nonsynonymous somatic SNVs and indels in detected coding regions, excluding driver mutations. All indels and SNVs in the coding region were considered, including missense, silent, stop gain, stop loss, in-frame and frameshift mutations.



MSS/MSI

100 microsatellite loci were selected for determination of MSI and for each assay, the top 30 loci with the best coverage were included for evaluation of final MSI score. An in-house developed R script was applied to assess the distribution of read counts among different repeat length of each microsatellite locus. A MSI score was defined as the percentage of unstable loci. The sample of MSI-H was the one with MSI score ≥ 0.4, otherwise it was MSS.



Statistical Analysis

Data were analyzed using the GraphPad Prism software (version 7.01). Data were presented as the mean ± standard error of the mean (SEM). Differences between two groups were analyzed using the student unpaired t test or an unpaired t test with Welch’s correction. analysis of variance was used to investigate more than two groups. Univariate Cox proportional hazards models of survival and biological baseline variables were built to estimate hazard ratios (HRs) with a 95% CI. Survival curve was assessed using Kaplan-Meier and log-rank test, and p-value of less than 0.05 (two- tailed) was considered as significant difference.




Results


Frequencies of Different Subtypes of EGFR Mutations in Chinese Primary NSCLC

Different histologic types of NSCLC in China were calculated based on data for 9649 primary NSCLC patients (Figure 1A). EGFR mutations were detected in 51.3% of Chinese NSCLC patients, as illustrated in the pie chart in Figure 1B. Different subtypes of EGFR mutations in primary NSCLC patients were evaluated (Figure 1C), and more EGFR mutations were found in adenocarcinoma than in squamous cell carcinoma and large cell carcinoma (Figure 1D), and. Furthermore, we compared the frequency of several of EGFR mutations in our research to that in the prospective MSKCC cohort (14). (Figure 1E). A total of 9649 samples of NSCLC patients were used to analyze EGFR mutations, and then some of them were subjected to subsequent genetic and immunological analysis (Figure 1F).




Figure 1 | The frequencies of different subtypes of EGFR mutations in Chinese primary NSCLC. (A) The proportion of different histologic types of NSCLC, others including adenosquamous carcinoma, sarcomatoid carcinoma, typical carcinoid, atypical carcinoid, lyphoepithelionma-like carcinoma, etc. (B) The ratio of NSCLC patients with EGFR mutation and without EGFR mutation. (C) The ratio of different EGFR mutation subtypes in NSCLC patients. (D) The ratio of patients with EGFR mutation and without EGFR mutation in different histologic types of NSCLC. (E) Comparison of selected gene alteration frequencies in this research and MSKCC cohort. (F) Flow charts for data analysis in this research. AC, adenocarcinoma; SCC, squamous cell carcinoma; LCC, large cell carcinoma.





Some EGFR Mutation Subtypes Displayed Higher TMB Levels, With a Higher Proportion of TMB-High Patients

Both the results of WES and panel sequencing that covered the whole exome of 733 cancer-related genes showed lower TMB levels in NSCLC patients with than in those without EGFR mutations (Figures 2A, B). Based on WES, TMB≥10 mutations/Mb was defined as TMB-High, and otherwise TMB-Low. The proportion of TMB-Low detected by WES in those without EGFR mutation was 69.4%. We hypothesize that if the panel is sensitive enough to detect the TMB, then the proportion of this part detected by this panel should be similar to the WES detection result; that is, the proportion of TMB-Low detected by the panel in group without EGFR mutation should be 69.4%. The same ratio of TMB-Low was set as the EGFR wildtype group as counted by WES, and the cutoff of TMB-High and TMB-Low by the panel was 14.5 mutations/Mb. Based on these results, subsequent analysis showed that TMB levels differed among EGFR mutation subtypes. NSCLC patients without EGFR mutation showed higher TMB-levels than in 19del, L858R and T790M groups. However, no significant difference between the group without EGFR mutation and the other EGFR mutation group, except for 19del, L858R and T790M, was found. Moreover, the 768I and “Others” groups showed a higher TMB than the 19del or L858R group. In summary, the results indicated that NSCLC patients with uncommon mutations have TMB levels similar to those of EGFR wildtype patients (Figure 2C). The results of both WES and panel sequencing revealed lower proportion of TMB-High in NSCLC patients with EGFR mutation. The descending order in TMB-High proportion was L858R, other uncommon mutations, 19del, S768I, T790M, G718A, LL861Q, G719C and 20ins (Figure 2D). In the group of other uncommon mutations, S768I, L861Q and G719A mutation groups, TMB-High was observed in more than 15% of patients (Figure 2E).




Figure 2 | TMB level evaluated both through WES and panel sequencing. (A) WES calculated TMB level in NSCLC patients with and without EGFR mutation. (B) Panel sequencing calculated TMB level in NSCLC patients with and without EGFR mutation. (C) Panel sequencing calculated TMB level in NSCLC patients of different EGFR mutation subtypes. (D) Ratio of TMB high or low evaluated by WES and panel sequencing. (E) Ratio of TMB high or low evaluated by panel sequencing in different subtypes of EGFR mutation. *means p < 0.05, **means p < 0.01, ***means p < 0.001, ****means p < 0.0001.





The Level of Tumor PD-L1 Expression Was Different Among EGFR Mutation Subtypes, and Differences in Immune Cell Infiltration Were Associated With Different Levels of PD-L1 Expression

PD-L1 expression was detected in 1674 tumor samples via IHC. Among available tumor samples, a higher proportion of tumors without EGFR mutations had positive PD-L1 expression (TPS≥1) and strong positive PD-L1 expression (TPS≥50). Tumors without EGFR mutations, with EGFR G719S, S768I and other uncommon EGFR mutations, had a higher proportion of positive PD-L1 expression than the left subtypes (Figures 3A, B).




Figure 3 | Comparation of tumor PD-L1 expression and ratio among different EGFR mutation subtypes and difference of TIME among different TPS groups. PD-L1 expression was quantified as negative (TPS<1%), intermediate positive (1%≤TPS<49%), and strong positive (TPS≥50%) for available cases and tabulated across different EGFR mutation subtypes. (A) Representative staining of PD-L1 expression through IHC (200X). (B) Comparation of PD-L1 expression between tumors with and without EGFR mutation, and among different EGFR mutation subtypes. (C) Ratio of patients with MSI-H in Chinese NSCLC. A total of 3876 were available for count the ratio of MSI-H. A total of 141 NSCLC patients were available for analysis of both PD-L1 expression and TIME. (D) Representative staining for CD8+T cells, CD56bright and CD56dim NK cells, CD68+HLA-DR+ M1, CD68+HLA-DR- M2 TAM. CD8 (white), CD56 (purple), CD68 (green), HLA-DR (red), panCK/S100(cyan), DAPI (blue). (E, F) different immune cell counts in intra-tumoral region, stroma, and sum of both. *means p < 0.05, **means p < 0.01, ***means p < 0.001.



Furthermore, we evaluated the TIME among different TPS groups. Although no difference in CD8+ T cells infiltrating into tumors was found in different TPS groups, in the stroma and in tumor+stroma, more CD8+ T cells were found in the group with strong PD-L1 expression (TPS≥50). More M1 macrophages infiltrated into the tumor in the PD-L1-negative group than in the PD-L1-positive group; in the stroma, more M1 macrophages were found in the group with strong PD-L1 expression. No differences in other immune cells were found in the tumor, stroma, or tumor+stroma (Figures 3C–F).



Differences in Infiltration of Various Immune Cells Were Found Among Tumors With Different EGFR Mutation Subtypes

We evaluated the difference in immune cell infiltration between tumors with and without EGFR mutations. Among CD8+ T cells, M1 (CD68+HLA-DR+) tumor-associated macrophages (TAMs), M2 TAMs (CD68+HLA-DR-), CD56bright NK cells and CD56dim NK cells, less CD8+ T cell infiltration was found in the EGFR mutation group than in the group without EGFR mutation (p<0.05). In addition, more M1 TAMs infiltrated in the tumor and in tumor+stroma were found in the EGFR mutation group than in the EGFR wildtype group (p<0.05) (Figures 4A–C).




Figure 4 | Immune cell counts both in tumor (intra-tumoral region) and stroma of 154 NSCLC patients. Immune cell counts both in tumor (intra-tumoral region) and stroma of 154 NSCLC patients of EGFR wild type and with different EGFR mutation subgroups. (A) Numbers of different immune cells in tumor were compared between without and with EGFR mutation groups. (B) Numbers of different immune cells in stroma were compared between without and with EGFR mutation groups. (C) Numbers of different immune cells in total (stroma and tumor) were compared between without and with EGFR mutation groups. (D–H) Numbers of CD8+ T cells, M1, M2 TAM, CD56bright NK cells, CD56dim NK cells in tumor, stroma, in total (tumor and stroma) were compared among patients of different EGFR mutation subgroups. (in the group termed as “other uncommon mutations”, contained EGFR amplification, EGFR p.E709A, EGFR p.E709K, EGFR p.E709V, EGFR p.F254L, EGFR p.H773dup, EGFR p.H870R, EGFR p.I740_K745dup, EGFR p.L747P, EGFR p.N468K, EGFR p.R451H, EGFR p.R776C, EGFR p.R776L and EGFR p.S768_D770dup). *means p < 0.05, **means p < 0.01.



The main differences among CD8+ T cells, M1 TMAs, M2 TAMs, CD56bright NK cells and CD56dim NK cells were regarding counts of CD8+ T cells and TAMs for different EGFR mutation subtypes (Figures 4D–H). In detail, compared with the group without EGFR mutations, only the 19del group showed fewer infiltrated CD8+ T cells (p<0.05) (Figure 4D). Comparing different EGFR mutation subtypes with the EGFR wildtype group, no significant differences were found in the numbers of CD8+ T cells in either the stroma or in tumor+stroma. However, differences in the numbers of CD8+ T cells in the tumor, stroma, and tumor+stroma were found for some EGFR mutation subtypes; for example, more CD8+ T cell infiltration in the tumor was found in the EGFR G719A/C/S mutation group than in the 19del and S768I groups (Figure 4D). Except for more M1 infiltration in the S768I mutation group, there were no differences in the number of M1 macrophages in the other EGFR mutation subtype groups compared with the EGFR wildtype group (Figure 4E). Despite no significant differences in M2 infiltration, more M2 infiltration was present in stroma in the EGFR G719A/C/S group than in the EGFR wildtype (p<0.05) and 19del (p<0.05), L858R mutation groups (p<0.01) (Figure 4F).



Different Prognostic Biomarkers Were Found for Patients With and Without EGFR Mutations

To explore prognostic biomarkers for NSCLC, we followed up 98 postoperative NSCLC patients. These patients were stratified according to without and with EGFR mutation (EGFR-/+), TMB level, immune cells, including CD8+ T cells, M1/M2 macrophages, CD56bright and CD56dim NK cells. Log-rank progression-free survival (PFS) analysis was performed by using cutoff values of the top ½ density of tumor-infiltrating immune cells, such as CD8+ T cells (CD8+ T-high defined as patients with the top ½ CD8+ T cell density in the tumor; others defined as CD8+ T-low), M1/M2 macrophages and CD56bright, CD56dim NK cells, in NSCLC tissues (Figures 5A–H). According to the results, EGFR mutation (Figures 5A, B), TMB level (Figure 5C), and components of the TIME (Figures 5D–H), CD8+ T cells were associated with different prognoses; in detail, a longer PFS was associated with CD8+ T cell-high (p<0.01) (Figure 5D). We further analyzed the potential prognostic significance of the TIME in NSCLC patients with and without EGFR mutations, and identified different prognostic biomarkers (Figures 6A–J). The prognostic significance of CD8+ T cells was only observed for patients without EGFR mutations (p<0.05) (Figure 6A); for patients with EGFR mutations, a longer PFS was found for the CD56dim NK cell-high cohort than the CD56dim NK cell-low cohort (p<0.05) (Figure 6J). Thus, NSCLC patients with and without EGFR mutations have different prognostic biomarkers.




Figure 5 | Analysis of association with patients’ outcome. Kaplan Meier estimates for progression-free survival (PFS); patients were stratified according to with (EGFR+) and without EGFR mutation (EGFR-) (A) different subtypes of EGFR mutation (B) TMB (C) CD8+T (D) M1 (E) M2 macrophages (F), CD56bright NK (G) and CD56dim NK cells (H).






Figure 6 | The prognostic value of different immune cells was evaluated in NSCLC patients with and without EGFR mutation. Kaplan Meier estimates for PFS; Patients without EGFR mutation (EGFR-) were stratified according to CD8+T (A), M1 macrophages (B) M2 (C) CD56bright NK (D) and CD56dim NK (E) Patients with EGFR mutation (EGFR+) were stratified according to CD8+T (F) M1 macrophages (G) M2 (H) CD56bright NK cells (I) and CD56dim NK cells (J).






Discussion

Although EGFR is reported to be a major driver oncogene in lung cancer in Asia, especially adenocarcinoma, the exact proportion of Chinese NSCLC patients with EGFR mutations varies by report, and the difference may be related to the limited number of patients previously evaluated (3, 15). We recalculated the precise proportion of EGFR mutation and different EGFR mutation subtypes based on data for 9649 Chinese primary NSCLC patients. We compared the frequency of several of EGFR mutation types in lung adenocarcinoma in our research, including total EGFR mutations, EGFR sensitizing mutations, T790M mutation and exon 20 insertion, to that in the prospective MSKCC cohort (14). This result confirmed that the mutation frequency of the Chinese population is significantly different from that of populations in other regions previously reported. This suggests that for the Chinese population, clinical trials, treatments and clinical management strategies that are different from other populations should be given in the future practice.

ICIs have poor activity in NSCLC with driver alterations, and they have been excluded from the NCCN Guide for System Therapy of NSCLC. However, in ATLANTIC, a phase 2, open-label, single-arm trial, the effect of durvalumab treatment was assessed in patients with NSCLC; cohort 1 comprised EGFR+/ALK+ NSCLC patients, and the results for this cohort showed that EGFR+ NSCLC patients with ≥25% of tumor cells expressing PD-L1 benefit from ICIs (16). Responses to ICIs in NSCLC patients with EGFR 19del, L858R, T790 M and EGFR ex20ins have also been evaluated, including patients with the common EGFR exon del 19 or L858R mutation who exhibited ORRs to ICI <20% and PFS less than 3.5 months (17). However, another study showed that compared 212 lung cancers without EGFR mutation, outcomes of ICI treatment were worse in patients with EGFR19del but similar in those with EGFR L858R; in contrast, EGFRT790M status did not affect response to ICI treatment (18). The results of a cohort of 58 patients treated with PD-1/PD-L1 inhibitors revealed that NSCLCs harboring EGFR mutations are associated with poor response, and such mutations were speculated to be associated with low rates of concurrent PD-L1 expression and CD8+ T cells within the tumor microenvironment (19). Furthermore, patients with EGFR exon 20 insertions (20ins) benefit less from ICIs than those without 20ins (20). Compared with NSCLC patients without targetable oncogenes, patients with EGFR 20ins NSCLC have better outcomes with platinum chemotherapy but derive less benefit from ICIs, as explained by lower levels of TMB and PD-L1 expression (20). These studies may indicate that not all patients with EGFR mutations show a lack of response to ICI treatment. Overall, comprehensive analysis of PD-L1 expression, TMB and even CD8+ T cell infiltration would help to better evaluate response to ICI therapy. Indeed, we should distinguish the genetic, immunologic and even clinical heterogeneity of each EGFR mutation subtype, as different subtypes may have different responses to ICIs. MSI-H is another important biomarker approved for ICI treatment in solid tumors (21), and we analyzed MSI-H in Chinese patients with NSCLC. Although more patients with MSI-H were found in the group with than in the group without EGFR mutations, similar with previous report (21, 22), only a very small portion of NSCLC cases were MSI-H (<1%) (Supplementary Figure 1). Therefore, other factors and mechanisms should be considered, and we should identify the specific characteristics of each subtype and analyze more TIME factors. We assessed both genomic and immunophenotypic characteristics of almost all EGFR subtypes that are reported to be related to different responses to TKIs and ICIs therapy, and based on our results, different strategies should be recommended for NSCLC patients with different EGFR mutation subtypes.

PD-L1 expression and MSI-H/dMMR have been recognized by the FDA as predictive biomarkers of immunotherapy response, furthermore, based on efficacy data from KEYNOTE-158 (NCT02628067) (23), the FDA granted accelerated approval to pembrolizumab for the treatment of patients with solid tumors of TMB-High (TMB≥10 Mutants/Mb) (23). In addition, a meta-analysis revealed TMB≥10 mutations/Mb to be significantly associated with enhanced objective response rates for immunotherapy (24). Therefore, we also defined WES-detected TMB≥10 mutations/Mb as TMB-high and WES-detected TMB<10 mutations/Mb as TMB-low. Following the principle that the proportion of TMB-Low in the Chinese population detected and calculated by WES and the panel should be consistent, we calculated that our 733-gene panel TMB cutoff equivalent to the WES TMB cutoff of 10 mutations/Mb should be 14.5 mutations/Mb (Figure 2D). In the ensuing analysis, we used 14.5 mutations/Mb as the TMB cutoff of our 733-gene panel; that is, we considered TMB≥14.5 mutations/Mb as TMB-High and others as TMB-Low. Although previous evidence has shown that EGFR 19del and L858R are common mutations in NSCLC patients carrying EGFR mutations, our results indicates that 19del and L858R account for 39.52% and 42.61% of NSCLC cases with EGFR mutations, respectively (Figure 1D). ICIs have no/limited activity in EGFR+ NSCLC, and almost all clinical trials exclude EGFR+/ALK+ patients, which may be because previous trials mainly enrolled these common mutations (accounting for at least 80% of EGFR mutations), which have lower TMB levels. As our results demonstrated, at least some cases of uncommon EGFR mutations, such as S768I and G719, should be considered for ICIs treatment because the TMB levels with these mutations were similar to those of the EGFR wildtype group.

The poor response to ICIs was previously partially explained as a lower TMB or PD-L1 expression level (25). Nevertheless, some recent evidence suggests that the predictive power of PD-L1 or TMB with regard to response to ICIs is limited in NSCLC patients with EGFR common mutations (26).Chen et al. proposed a classification system of human cancer based on both PD-L1 expression and TIME to search for potential situations suitable for immunotherapy (27). Therefore, identifying the type of TIME is necessary for guiding immunotherapy. We detected infiltration of CD8+ T cells, NK cells, and M1 and M2 TAMs, as based on some recent evidence. For example, changes in immune subpopulations between pretherapy and on-therapy samples from 68 patients with advanced melanoma revealed numerous changes in the immune response. In detail, an increase in the number of CD8+ T and NK cells and a decrease in M1 macrophages were associated with response to therapy (28). The density of T-cells infiltrating the tumor microenvironment has also been associated with clinical benefit from ICIs. Tumeh and colleagues (29) analyzed the relationship between TILs and response to pembrolizumab in patients with melanoma; the results showed higher CD8+ T cell densities at the invasive margin and within the tumor parenchyma in responding patients than in patients with disease progression. TILs and components associated with TILs as prognostic biomarkers and their potential value in predicting response to ICIs in sarcoma have been explored (30). Therefore, other factors such as TIME should also be considered when evaluating response to ICIs in NSCLC patients with different EGFR mutation subtypes. Although some of theoretical conditions suitable for ICIs therapy were showed in several of EGFR mutation subtypes in this research, however, no clinical cohort of ICIs treatment was established in this manuscript. Obviously, further studies need to be carried out for clinical verification.

In addition to genetic and immunologic differences, differences in prognosis should be considered for each subtype of EGFR mutation. The prognostic significance of TILs has been confirmed in several solid tumors, but less is known about whether components of the TIME have prognostic value in NSCLC, especially in each EGFR-mutated subtype. Only 98 patients were available for follow-up, and among them, data for analysis of TIME in each EGFR mutation subtype were not available. Therefore, we only analyzed the TIME as a prognostic biomarker in patients without and with EGFR mutation (EGFR-/+) and found different prognostic biomarkers (Figure 6). Hence, based on the above results of genetic and immunologic differences, we infer that the difference in prognostic biomarkers is not limited to EGFR mutation. In general, each subtype may have different prognostic factors, but a larger sample may be needed for confirmation.

In conclusion, EGFR positive NSCLC is one kind of complex disease, this research demonstrated genetic and immunological heterogeneity, and the differences in prognosis. These results suggested that NSCLC patients with various EGFR mutation should be treated and managed differently in clinical practice. ICIs may not be excluded for total EGFR positive NSCLC. Of course, more studies are needed, especially interventional studies are needed for further confirmation.
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Long-term survival benefit has been noticed in non-small-cell lung cancer (NSCLC) patients treated with immune checkpoint inhibitors (ICIs), such as PD-1 inhibitors. However, it is still controversial whether patients with EGFR-activating mutations may benefit from ICIs. Recently, in stage IIIA NSCLC, chemo-immunotherapy has led to significant pathological response, yet patients with the presence of known EGFR mutations were excluded from some randomized trials of neoadjuvant therapy. Herein, we report a case of a 50-year-old female patient, who was initially diagnosed as stage IIIA lung squamous cell carcinoma. Immunohistochemistry analysis showed that the patient presented with high PD-L1 expression. Then, chemo-immunotherapy was given to the patient but the disease progressed quickly with distant metastasis. A re-biopsy revealed a poorly differentiated lung adenocarcinoma together with EGFR p.L858R mutation. Then the patient received gefitinib, which resulted in significant regression of primary lung lesion. A detailed examination of pre-treatment tumor sections demonstrated rare infiltration of CD8+ T cells, indicating that the current patient presented with an “immune-cold” microenvironment, which might explain the primary resistance to chemo-immunotherapy. Taken together, our case indicated that comprehensive detection of PD-L1 expression, driver gene status, together with tumor immune microenvironment, may offer a better prediction of treatment efficacy.
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Introduction

Immune checkpoint inhibitors (ICIs), such as anti-PD-1 and anti-PD-L1 antibodies, have become a standard option for the management of locally advanced and metastatic lung cancer (1). Approximately 20% of patients with non-small-cell lung cancer (NSCLC) are in stage IIIA (2), with a 3-year overall survival of 30% and no major treatment advances in the past 25 years (3). Recently, chemo-immunotherapy in stage IIIA NSCLC has led to significant pathological responses and downstaging, together with favorable progression-free survival (PFS) and overall survival (OS) at 24 months (4). Also, in the NADIM study, PD-L1 expression was strongly associated with pathologic complete response (pCR), while no significant association was found between PD-L1 tumor proportion score (TPS) and PFS or OS. Besides, in a randomized phase III study, neoadjuvant chemo-immunotherapy has showed significant improvement in pCR rate compared to chemotherapy for resectable (IIIB–IIIA) NSCLC (5). Of note, epidermal growth factor receptor (EGFR) mutations have been generally exclusion criteria in above-mentioned trials and also the IMpower 030 study (6), although patients with EGFR mutations have been allowed in the KEYNOTE-671 study, another neoadjuvant chemo-immunotherapy trial which is still going on (7). Therefore, it is not clear whether a stage IIIA EGFR mutant NSCLC patient with strong PD-L1 expression may benefit from chemo-immunotherapy. Here, we report a case of a stage IIIA EGFR mutant NSCLC with high PD-L1 TPS of 80% yet presented with primary resistance to chemo-immunotherapy, which might be due to rare infiltration of CD8+ T cells in the tumor microenvironment.



Case Description

A 57-year-old nonsmoking female patient was admitted to the Daping Hospital of Army Medical University on May 6, 2020, with cough since 10+ days ago. The physical examination showed no abnormalities. Computed tomography (CT) revealed a mass in the lower lobe of the right lung (3.9 × 3.1 cm) (Figure 1A). CT-guided biopsy of the mass followed by the histopathological diagnosis confirmed squamous cell lung carcinoma (Figures 2A–D). A brain magnetic resonance imaging and a bone single photon emission computed tomography showed no distant metastasis. The patient was therefore diagnosed as T2aN2M0, stage IIIA squamous cell lung carcinoma according to the VIII TNM edition. PD-L1 was found positive (TPS = 80%) using immunohistochemistry (Ventana SP263; Figure 2E). After a multidisciplinary team panel discussion, from a “neoadjuvant” perspective, the patient received one cycle of chemo-immunotherapy (albumin-bound paclitaxel + carboplatin + nivolumab 240 mg). There were no severe adverse events after initial treatment. However, the patient suffered from symptoms related to disease progression such as cough, hemoptysis and fever after 3 weeks of treatment. Chest CT illustrated an enlargement of the right lung lesion (4.3×3.1cm) with the obstruction of the right middle bronchus (Figure 1B), lung atelectasis and spinal metastases. A re-biopsy through electronic bronchoscopy was performed and a poorly differentiated lung adenocarcinoma was reported in the right middle bronchus tissue by pathologic analysis (Figures 2F–H). The patient was finally diagnosed as adenosquamous carcinoma. Thereafter, a tissue-based next generation sequencing (NGS, 733 genes, 4.53 Mb, 3D Medicines Inc., China) revealed EGFR p.L858R mutation and TP53 p.R248G mutation. Afterwards, gefitinib was given to the patient (250 mg, once daily) which was well tolerated with slight skin rash that did not require any medical intervention. After one month of treatment, the symptoms of the patient were obviously relieved, and the primary tumor was significantly regressed (Figure 1C). Nevertheless, an enlargement of spinal metastases was found and then local radiotherapy combined systemic chemotherapy (albumin-bound paclitaxel + carboplatin; for two cycles) was implemented in addition to gefitinib without any adverse events. Then the spinal lesion was under control and gefitinib alone was still ongoing with persistent regression of primary lung lesion up to Mar 28, 2021 (Figures 1D–F). We further performed another tissue-based NGS in the baseline sample of squamous cell carcinoma and found the same genetic mutations of EGFR and TP53. Furthermore, a multi-color immunofluorescent staining of pre-treatment tumor sections demonstrated spare infiltration of CD8+ T cells (91/mm2) and CD68+HLA−DR+ M1 macrophages (21/mm2) in the tumor parenchyma, while the infiltration of CD56dim NK cells was high (1,271/mm2) (Figures 3A–D). Further examination of CD8 immunohistochemistry staining on tumor tissue at disease progression on immunotherapy found intense CD8+ T cell infiltration (Figure 3E), as compared to that of baseline. However, very few of these cells expressed Granzyme B (Figure 3F), indicating little cytotoxicity of T cells.




Figure 1 | Chest CT scanning of the patient. (A) baseline; (B) after one cycle of neoadjuvant immuno-chemotherapy (albumin-bound paclitaxel + carboplatin + nivolumab 240 mg); (C–F) chest images at indicated time points.






Figure 2 | Examinations of pathology and immunohistochemistry. (A–E), Histology of primary lung lesion (CT guided biopsy) and immunohistochemistry analysis, PD-L1 expression; (F–H) histology of enlarged lung lesion (re-biopsy through electronic bronchoscopy) and immunohistochemistry analysis.






Figure 3 | Examinations of tumor microenvironment on tumor tissue sample as indicated. (A) Multi-color immunofluorescent staining of tumor microenvironment (white: CD8, purple: CD56, green: CD68, red: HLA-DR, cyan: panCK/S100, blue: DAPI) (magnification ×200); (B) CD8 (white) (magnification ×200); (C) CD56 (purple) (magnification ×200); (D) CD68 (green), HLA-DR (red) (magnification ×200); (E) Immunohistochemistry staining of CD8 with tumor tissue on disease progression of albumin-bound paclitaxel + carboplatin + nivolumab, Scale bar 50 um; (F) Immunohistochemistry staining of Granzyme B with tumor tissue on disease progression of albumin-bound paclitaxel + carboplatin + nivolumab, Scale bar 50 um.





Discussion

In the current case, we have reported a stage IIIA EGFR mutant NSCLC patient with high PD-L1 expression who showed primary resistance to nivolumab with platinum-based chemotherapy. Further detection of pre-treatment tumor microenvironment revealed rare infiltration of CD8+ T cells. Therefore, the case indicated that a comprehensive detection of PD-L1 expression, driver gene status, and tumor immune microenvironment might be helpful for the treatment options.

Several studies have reported that EGFR mutant NSCLC patients benefit little from ICIs, especially in the setting of immuno-monotherapy. A meta-analysis indicated that an ICI as second-line therapy did not improve OS over that with docetaxel therapy in EGFR-mutated advanced NSCLC (8). In a prospective study, among ten EGFR mutant NSCLC patients, first-line pembrolizumab showed no response (seven cases with strong PD-L1 expression) (9). In another study, genomic alterations in EGFR were even suggested to be associated with hyper-progressive disease to ICIs (10). However, the use of ICIs for EGFR mutant NSCLC should not be completely ruled out, since dramatic response to PD-1/PD-L1 inhibitors have been reported in some EGFR mutant cases with strong PD-L1 expression (11). Meanwhile, the combination of chemo-immunotherapy in those patients has been tested in several randomized trials. The IMpower 130 trial failed to improve OS of the outcome of EGFR-mutant NSCLC patients when treated with atezolizumab plus carboplatin and nab-paclitaxel versus chemotherapy alone (12). By contrast, according to the IMpower 150 study, patients with EGFR mutations benefitted from atezolizumab plus bevacizumab, carboplatin, and paclitaxel (ABCP) regimen compared with BCP regimen (13), which suggested that the addition of bevacizumab to chemo-immunotherapy might confer activity to PD-L1 inhibition in EGFR-mutant NSCLC. One possible reason might be that bevacizumab could regulate tumor microenvironment such as promoting T-cell tumor infiltration by normalizing tumor vasculature (14). Other prospective clinical trials such as the KEYNOTE-789 and the CheckMate-722 which evaluate the role of chemo-immunotherapy combination in EGFR-mutant advanced NSCLC patients are in expectation (15, 16). However, in a neoadjuvant setting, it is still not clear whether EGFR-TKIs or immunotherapy should be given in the first place to those with EGFR mutations. The Phase III NeoADAURA study will evaluate the efficacy and safety of neoadjuvant osimertinib in patients with resectable EGFR-mutant NSCLC (17). In the current study, we have reported a stage IIIA EGFR mutant NSCLC with high PD-L1 expression, for whom nivolumab plus chemotherapy brought little benefit. Taken together, our case indicated that PD-L1 expression alone might not be enough to predict immunotherapy efficacy. Other aspects, such as tumor microenvironment, may also need to be considered.

Tumor immune microenvironment (TIME), comprising multiple immune cells, has important roles in predicting efficacy of ICIs. For example, infiltration of CD8+ T cells can predict benefit from PD-1 inhibitors in lung cancer patients (18). However, mutational activation of EGFR might downregulate MHC-I expression, which could result in a decreased number of infiltrating CD8+ T cells, then contributing to the poor response to ICIs (19). Furthermore, high levels of HLA-DR+/CD68+M1 macrophages are independent prognostic factors of prolonged survival in NSCLC (20). Nevertheless, an analysis demonstrated that a high proportion of CD56+CD3− cells was associated with a reduction in the proportion of CD4+ tumor-infiltrating lymphocytes (TILs) and, to a greater degree, proportion of CD8+ TILs (21). There out, the presence of M1 macrophages or NK cells also play important roles in predicting response cancer immunotherapy (20, 21). In our study, there is a baseline infiltration of CD56 dim NK cells and low CD8+ T cells from tumor cells. In addition, the increase of CD8+ T cells with low Granzyme B staining on post treatment samples suggests that these CD8+ T cells are bystanders rather than tumor specific. Those facts may explain primary resistance of the patient to nivolumab plus chemotherapy even with high PD-L1 expression. Taken together, comprehensive analysis of PD-L1 expression, driver gene status, and TIME may better predict the efficacy of immunotherapy.

Our study has the following limitations. First, the genetic testing was not performed at baseline, which was important for a female patient with no smoking history and small sample tissue. Secondly, the PD-L1 and multi-color immunofluorescent of the re-biopsy tissues after disease progression were not implemented on comparison with that of the baseline tissues due to shortage of samples.

In conclusion, our case suggests a possible biological rationale which could explain the resistance to chemo-immunotherapy, indicating that comprehensive detection of PD-L1 expression, driver gene status, together with tumor immune microenvironment may offer a better prediction of treatment efficacy for EGFR mutant NSCLC patients, even in the case of high PD-L1 expression.
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Purpose

Immune checkpoint inhibitors (ICIs) have recently emerged as an important option for treating patients with advanced non-small cell lung cancer (NSCLC). Neoantigens are important biomarkers and potential immunotherapy targets that play important roles in the prognosis and treatment of patients with NSCLC. This study aimed to evaluate and characterize the relationships between somatic mutations and potential neoantigens in specimens from patients who underwent surgical treatment for NSCLC.



Patients and Methods

This prospective study evaluated specimens from patients with NSCLC who underwent surgical treatment at the Peking Union Medical College, China, from June 2019 to September 2019. Whole-exome sequencing was performed for tumor tissues and corresponding normal tissues. Candidate neoantigens were predicted using generative software, and the relationships between various mutation characteristics and number of neoantigens were evaluated.



Results

Neoantigen-related gene mutations were less frequent than mutations affecting the whole genome. Genes with high neoantigen burden had more types and higher frequencies of mutations. The number of candidate neoantigens was positively correlated with missense mutations, code shift insertions/deletions, split-site variations, and nonsense mutations. However, in the multiple linear regression analysis, only missense mutations were positively correlated with the number of neoantigens. The number of neoantigens was also positively correlated with base transversions (A>C/C>A, T>G/G>T, and C>G/G>C) and negatively correlated with base transitions (A>G/G>A and C>T/T>C).



Conclusion

The number of candidate neoantigens in NSCLC specimens was associated with mutation frequency, type of mutation, and type of base substitution.





Keywords: non-small cell lung cancer, whole exome sequencing, neoantigens, tumor neoantigen burden, genetic mutation characteristics



Introduction

Despite advances in treatment strategies during the last 20 years, lung cancer remains the leading cause of cancer-related deaths worldwide. Immune checkpoint inhibitors (ICIs) are antibody-derived molecules that have recently emerged as treatment options for many types of cancers. They target regulatory receptors such as cytotoxic T-lymphocyte associated protein 4, programmed cell death 1 (PD-1), and programmed cell death-ligand 1 (PD-L1). These treatments have provided significant clinical benefits and changed the treatment landscape for patients with advanced non-small cell lung cancer (NSCLC). Although ICIs used in first-line and second-line treatments provide survival advantages compared with chemotherapy, the objective response rate is only approximately 20% among unselected patients (1–11). Thus, it is important to effectively select patients who are expected to benefit from ICI treatment.

Currently, the only approved biomarker for predicting response to ICI treatment is PD-L1 expression. However, patients with low tumor expression of PD-L1 can still experience a treatment response, suggesting that PD-L1 is not entirely effective for selecting patients to receive immunotherapy (12). Other potential biomarkers for guiding ICI treatment include major histocompatibility complex (MHC) expression, lymphocyte count, tumor T-cell marker expression, tumor burden (TMB), and the neoantigen expression (13). Among the potential biomarkers, mutation-derived neoantigens have attracted considerable attention. These tumor cell-specific mutant peptides can be presented by MHC molecules (14, 15) and recognized by T cells. Thus, neoantigens can mediate the immune response to tumor cells (14, 15) and allow the host immune system to recognize and destroy them.

Recent advances in genomics and bioinformatics have laid the foundation for the effective selection of the strongest immunogenic neoantigens based on the tumor’s spectrum of somatic mutations. However, there are few reports regarding neoantigen-associated gene mutations in NSCLC. This information could be useful in identifying patients who might benefit from ICI treatment. Therefore, this study aimed to evaluate and characterize the relationship between somatic mutations and potential neoantigens in specimens from patients who underwent surgical treatment for NSCLC.



Patients and Methods


Patients

We prospectively collected patients with NSCLC who underwent surgical treatment at the thoracic surgery department of Peking Union Medical College Hospital between June 2019 and September 2019. The inclusion criteria were histopathologically confirmed NSCLC, complete clinical and pathological data, sufficient tumor and corresponding normal tissue for whole-exome sequencing, and provision of informed consent by the patient for the research use of their specimens for research purposes. Data such as sex, age, smoking history, histological type, TNM stage, and clinical stage were collected. The study protocol was approved by our institutional review board.



Neoantigen Prediction

Whole-exome sequencing results were obtained for tumor tissues and corresponding normal tissues. Neopipe software was then used to predict candidate neoantigens by combining gene expression with the molecule’s predicted affinity for class I MHC (Figure 1). Data on RNA expression were not obtained because of financial constraints. However, gene expressions were referenced from the TCGA database for NSCLC (Figure 2). For lung adenocarcinoma and lung squamous cell carcinoma, the mean values for transcriptional and genetic quantification were collected from 574 lung adenocarcinoma cases and 548 lung squamous cell carcinoma cases. For all other pathological types, the mean values for transcriptional and genetic quantification were collected from all NSCLC cases.




Figure 1 | Flow chart of candidate neoantigen design. 1) Quality control and statistical analysis were performed on original tumor and normal FASTQ data. 2)Bwa was used to compare FASTQ data to human reference genome HG19. Samblaster was used to mark duplication on reads. 3)SamTools was used to convert the Sam file into BAM file and build index. 4)GATK Mutect2 was used to call and filter somatic mutation, and then obtain mutation information. 5)The original FASTQ information was used for HLA typing using Optitype. 6) Netmhcpan4 was used to predict peptide affinity according to HLA type. 7) The expression data of lung cancer patients in TCGA were downloaded, and the mean values of expression data of lung adenocarcinoma and lung squamous cell carcinoma patients were calculated respectively. 8) Neoantigen was scored according to the sequencing data, mutation frequency, expression of HLA, expression of transcript, expression of immune-related gene to obtain the final neoantigen results.






Figure 2 | Gene disturbance map. The X-axis represents the sample type, and “xiehe28” is our 28 samples, and the other samples are tumors in TCGA database. The Y-axis represents log 10 (mutations per sample). The red line in the figure represents the mean value. Note, SKCM, skin cutaneous melanoma. LUSC, lung squamous cell carcinoma. LUAD, lung adenocarcinoma. BLCA, bladder cancer; ESCA, esophageal cancer; HNSC, head and neck squamous cell carcinoma; STAD, stomach adenocarcinoma; DLBC, Diffuse large B-cell lymphoma; UCEC, Uterine corpus endometrial carcinoma; COAD, colon adenocarcinoma; OV, Ovarian cancer; LIHC, liver hepatocellular carcinoma; CESC, cervical squamous cell carcinoma; READ, rectal adenocarcinoma; KIPP, Kidney renal papillary cell carcinoma; KIRC, kidney renal clear cell carcinoma; UCS, uterine carcinosarcoma; BRCA, breast cancer; GBM, glioblastoma; SARC, sarcoma; CHOL, cholangiocarcinoma; MESO, mesothelioma; PAAD, pancreatic adenocarcinoma; ACC, adrenocortical carcinoma; LGG, lower grade glioma; PRAD, Prostate adenocarcinoma; KICH, kidney chromophobe; TGCT, tenosynovial giant cell tumor; THYM, thymoma; LAML, acute myeloid leukemia; UVM, uveal melanoma; THCA, thyroid carcinoma; PCPG, pheochromocytoma and paraganglioma.



To facilitate future research regarding in vitro synthesis and administration, neoantigens were designed as 25-mer peptides. Mutated 8–11-mer peptides that could bind to MHC were defined as neoepitopes. Given the difference in neoantigen epitopes and MHC affinities, the accuracy of predicting immune stimulation would be low if it was based only on the number of neoantigen epitopes. Therefore, the main results included the neoantigen-related gene mutation characteristics without considering neoepitopes.



Statistical Analysis

All analyses were performed using SPSS software (version 21.0; IBM Corp., Armonk, NY, USA). Results are reported as median, number, frequency, and composition ratio, as appropriate. Nonparametric tests were used to analyze clinicopathological features associated with the number of neoantigens. Spearman’s test was used to analyze the correlation between neoantigens and gene mutation characteristics. Multiple linear regression analysis was conducted for the various neoantigen-related gene mutation types. Heat maps were created, and related cluster analyses were performed using Rstudio software. Using a bilateral test, results were considered statistically significant at P <0.05.




Results


Clinicopathological Features and Prediction of Candidate Neoantigens

Between June and September 2019, 34 patients underwent surgery for NSCLC at our center. We excluded 6 patients because of insufficient tissue samples or incomplete clinical data. Therefore, 28 patients were ultimately included in the study. The median age was 60.5 years (range: 38–76 years); 17 patients (60.7%) were men, and 15 patients (53.6%) had a history of smoking. The pathological types were adenocarcinoma (24 cases, 85.7%), squamous cell carcinoma (3 cases, 10.7%), and large-cell neuroendocrine carcinoma (1 case, 3.6%). The tumors were classified as stage I (19 patients, 67.9%), stage II (6 patients, 21.4%), and stage III (3 patients, 10.7%). Six patients (21.4%) had a family history of tumors (Table 1).


Table 1 | Clinicopathological characteristics of 28 patients.



Whole-exome sequencing was performed for 28 NSCLC specimens, which identified 5,017 non-synonymous mutations, including 4,037 missense mutations, 419 frame-shift insertions/deletions, 313 in-frame insertions/deletions, 229 nonsense mutations, 10 non-stop mutations, and 9 splice site mutations. A total of 7,452 single-nucleotide variants, including A>T/T>A (n=539), A>C/C>A (n=966), A>G/G>A (n=2,006), T>C/C>T (n=1,990), T>G/G>T (n=1,025), and C>G/G>C (n=926), were identified. Using results from the 28 specimens, the Neopipe software predicted a total of 2,942 neoantigens (median: 78, range: 28–510) and 7,912 neoepitopes (median: 200, range: 48–1,300) (Figure 3). Spearman’s correlation analysis revealed a positive correlation between the tumor’s longest diameter and the number of predicted neoantigens (correlation coefficient=0.575, P=0.001). Additionally, the number of candidate neoantigens was higher among patients with a family tumor history (rank mean: 20.42 vs. 12.89, P=0.046) and patients with squamous cell carcinoma (rank mean: 26.47 vs. 13.28, P=0.019) (Table S1).




Figure 3 | Neoepitope and neoantigen maps of the patients included in our study.



Nine of the twenty-eight patients had EGFR-sensitive mutations, including six cases with 21L858R, two cases with 19DEL, and one with 20INS. Nonparametric testing revealed that the number of candidate neoantigens was not correlated with EGFR mutations (P =0.087) (Table S1). One patient had EML4-ALK fusion (85 candidate neoantigens) and one patient had ROS1 fusion (36 candidate neoantigens). Three patients had KRAS mutations, including KRAS G12D mutation (87 neoantigens), KRAS G12D mutation combined with CDKN2A D108H mutation (28 neoantigens), and KRAS G12V mutation combined with TP53 K132E mutation and STK11 N181Y mutation (85 neoantigens).



Gene Mutation Characteristics Associated With Candidate Neoantigens

We analyzed whole genome mutations and neoantigen-related gene mutations and found revealed that the ten most commonly mutated genes were MUC17 (57%), AHNAK (54%), ANKRD36C (54%), HERC2 (50%), ZNF208 (50%), ZNF729 (50%), AHNAK2 (43%), MUC16 (43%), CDC27 (39%), and MUC12 (39%) (Figure 4A). The ten most commonly mutated neoantigen-related genes were CDC27 (29%), HERC2 (25%), MUC16 (21%), ANKRD36C (21%), BCLAF1 (18%), GPR32 (18%), MUC12 (18%), MUC17 (18%), PBMX (18%), and TTN (18%) (Figure 4B). Among the whole genome mutations, higher frequencies and more types of mutations were observed, including missense mutations, nonsense mutations, in-frame deletions, frame-shift deletions, in-frame insertions, frame-shift insertions, and mixed mutations. Conversely, the most common type of neoantigen-related gene mutations only involved missense mutations, nonsense mutations, in-frame insertions, frame-shift insertions, and mixed mutations.




Figure 4 | Spectral heat map of common gene mutations. (A) all mutations; (B) neoantigen-associated mutations. Spectrum heat map of common gene mutations in patients. (C) with high tumor neoantigen burden; (D) with low tumor neoantigen burden.





Comparing Mutation Characteristics According to Neoantigen Load

We defined tumor neoantigen burden (TNB) as the total number of neoantigens per million bases (Mbs) in a tumor sample. Using the median value (n=14), patients were assigned to a high TNB group (n>14) and a low TNB group (n ≤ 14), and the gene mutation characteristics were compared. In the high TNB group, the ten most commonly mutated genes were MUC17 (17%), AHNAK (57%), ANKRD36C (57%), HERC2 (57%), ZNF729 (57%), AHNAK2 (50%), CDC27 (50%), MUC12 (50%), TTN (50%), and CACNA1A (43%) (Figure 4C). In the low TNB group, the ten most commonly mutated genes were MUC16 (57%), ZNF208 (57%), AHNAK (50%), ANKRD36C (50%), EGFR (43%), FLG (43%), HERC2 (43%), MUC17 (43%), ZNF729 (43%), and ZNF91 (43%) (Figure 4D). Patients with high TNB had a higher frequency of gene mutations and more mutation types, including missense mutations, nonsense mutations, in-frame deletions, frame-shift deletions, in-frame insertions, frame-shift insertions, and mixed mutations. Furthermore, patients with high TNB had significantly more frequent mixed mutations, insertion mutations, and deletion mutations than patients with low TNB. Patients with low TNB had missense mutations, nonsense mutations, in-frame deletions, frame-shift deletions, in-frame insertions, and mixed mutations.

Therefore, neoantigen-related mutations had fewer mutation types than whole genome mutations, indicating that tumor neoantigen burden (TNB) is related to both the number and type of gene mutations. Patients with a high TNB also had more types of gene mutations than those with low TNB, which indicates that some mutation types may create a higher neoantigen load.



Effects of Different Gene Mutation Types on Candidate Neoantigens

Spearman’s correlation analysis was performed to access the features of neoantigen-related gene mutations (Table 2). The number of neoantigens was positively correlated with the number of non-synonymous mutations (correlation coefficient=0.641, P <0.001). All non-synonymous mutation types were subsequently annotated and analyzed, and the number of neoantigens was positively correlated with missense mutations (correlation coefficient= 0.603, P <0.001), frame-shift insertions/deletions (correlation coefficient=0.755, P <0.001), nonsense mutations (correlation coefficient=0.501, P =0.007), and splice site mutations (correlation coefficient=0.546, P =0.003) (Table 2). These four mutation types were included in a multiple linear regression analysis, and the neoantigen number was only positively correlated with missense mutations (beta=0.674, P <0.001) (Table 3). This may be related to the high frequency of these mutations. Moreover, the lack of statistical significance between the number of candidate neoantigens and other mutation types might be related to their rarity, although they may produce a greater neoantigen load. The correlation between base substitution and number of neoantigens was also analyzed using Spearman’s correlation analysis. The number of neoantigens was positivity correlated with the following base transversions: A>C/C>A (correlation coefficient=0.641, P <0.001), T>G/G>T (correlation coefficient=0.388, P=0.041), and G>C/C>G (correlation coefficient=0.418, P=0.027). The number of neoantigens was negatively correlated with base transitions: A>G/G>A (correlation coefficient=-0.690, P<0.001) and T>C/C>T (correlation coefficient=-0.535, P=0.003) (Table 2).


Table 2 | Spearman correlation analysis of candidate neoantigens.




Table 3 | Multiple linear regression of candidate neoantigens.



Therefore, the number of candidate neoantigens was related to both the number and type of mutations present in tumors and was also positively correlated with base transversions and negatively correlated with base transitions.



Gene Mutations Associated With Multiple Candidate Neoantigens

There were 1,922 genes alterations that were associated with neoantigens, with each alternation creating 1–28 neoantigens. Among them, there were 21 genes that were associated with ≥7 neoantigens. Cluster analysis was performed for those 21 genes (Figure 5), and no significant correlation was observed between the number of neoantigens and the expression of those genes in each patient.




Figure 5 | Gene heat map of different numbers of neoantigens in 28 patients.






Discussion

ICIs are more effective in patients with NSCLC with a high TMB. This has led to the suggestion that TMB might be a biomarker for predicting response to ICI treatment (16). Moreover, preclinical and clinical studies have indicated that tumor-specific missense mutations may produce particular neoantigens that mediate response to ICIs (14, 17). Accordingly, this suggests that a high TMB could lead to the production of a higher number of neoantigens and thus increase immunogenicity and result in better response to ICI treatment (18). This is further supported by our findings, which showed that non-synonymous mutations were positively correlated with the number of neoantigens. We performed additional classifications and analyses and found that the number of neoantigens was positively correlated with the presence of missense mutations (the most common mutation) and less common mutation types such as frame-shift insertions/deletions, nonsense mutations, and split-site mutations. There is evidence that frame-shift insertions or deletion are less frequent than non-synonymous single nucleotide mutations. However, they can be highly immunogenic mutations that can increase the neoantigen load and provide greater affinity for MHCs (19, 20).

Numerous studies have indicated that tumor-specific splicing is an important source of neoantigens (21–23), and although splicing frequency is relatively low, the neoantigens obtained from splicing sites are more frequent than those obtained from single-nucleotide mutations (24). We found that the frequency of nonsense mutations was lower. Nonetheless, it was also positively correlated with the number of neoantigens, indicating that nonsense mutations may produce a greater abundance of neoantigens. To the best of our knowledge, studies regarding the correlation between nonsense mutations and neoantigens have not yet been reported; therefore, further studies are needed to address this issue.

We also observed that the neoantigen load was positively correlated with base transversions and negatively correlated with base transitions. A previous study (25) of patients who received pembrolizumab revealed that patients with a durable clinical benefit were more likely to have C>A transversions and less likely to have C>T transitions (Mann-Whitney test; P=0.01). These findings are in concordance with our results.

Previous studies have used the TSNAD software to predict potential neoantigens from somatic mutations in 9,155 tumor samples from the International Cancer Genome Consortium database. They revealed that the most common potential neoantigens were encoded by KRAS, PIK3CA, and TP53. For instance, the ten most common potential neoantigens included six neoantigens derived from KRAS, which involved the G12D and G12V mutations (26). Another study of genomic, transcriptomic, and proteomic data from KRAS-mutated lung adenocarcinoma (27) identified three biological subgroups: STK11/LKB1 (KL subtype), TP53 (KP subtype), and CDKN2A/B (KC subtype). In this context, lung adenocarcinoma with the KP subtype showed a strong inflammatory response and enhanced expression of multiple co-stimulators and co-suppressors. In contrast, lung adenocarcinoma with the KL subtype expressed lower levels of immune markers. Despite similar exposures to smoking, the KP subtype had a higher mutation rate than the KL subtype, which may explain the differences in their immunogenicity (27). In our study, only three of twenty-eight patients had KRAS mutations, including one with a KRAS G12V mutation (a KP and KL mixed type) that had 85 candidate neoantigens. Another patient with a KRAS G12D mutation (the KC subtype) had 28 candidate neoantigens, and a third patient with only a KRAS G12D mutation (no combined mutations) had 87 candidate neoantigens. The number of candidate neoantigens was noticeably below the median value only in the patient with the KC subtype, while the number in the other two patients was slightly above the median value. Thus, our findings are not consistent with results reported previously regarding the correlation between KRAS mutations and neoantigens. This could be explained by the very small sample size for our analyses (only three patients with KRAS mutations).

Our study has two important limitations. First, because of financial constraints, we could not retrieve RNA-related data to guide the neoantigen prediction. Instead, this was based on the expressions of lung cancer-related genes from the TCGA database. Second, the sample size was small; therefore, a larger study will be needed to validate our findings.

In conclusion, we found that the number of candidate neoantigens was related to both the number and type of mutations. Among the mutational types, missense mutations had the highest frequency. Although less frequent, frame-shift insertions/deletions, splice site variations, and nonsense mutations were also associated with the number of candidate neoantigens, possibly because they can produce a greater abundance of neoantigens. Nevertheless, only missense mutations were positively correlated with the number of neoantigens in the multiple linear regression analysis. The number of neoantigens was positively correlated with base transversions and negatively correlated with base transitions.
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Methods Categories AUC (95% CI) Accuracy (%) Sensitivity (%) Specificity (&)

EGFR&PD-L1 Status

DL EGFR 0.906(0.885-0.930) 0.767(0.735-0.798) 0.920(0.884-0.954) 0.787(0.748-0.827)
PD-L1 0.879(0.854-0.906) 0.793(0.762-0.819) 0.781(0.742-0.819) 0.939(0.904-0.969)
Radiomics EGFR 0.860(0.816-0.902) 0.659(0.617-0.705) 0.896(0.856-0.944) 0.731(0.664-0.801)
PD-L1 0.856(0.815-0.897) 0.719(0.677-0.766) 0.713(0.661-0.763) 0.918(0.864-0.972)
Joint EGFR 0.928(0.909-0.946) 0.831(0.807-0.856) 0.917(0.883-0.941) 0.807(0.771-0.846)
PD-L1 0.905(0.886-0.930) 0.848(0.825-0.874) 0.847(0.818-0.879) 0.915(0.876-0.951)

EGFR, epidermal growth factor receptor; PD-L1, programmed death ligand-1; DL model, deep learning model.
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Methods Cohorts AUC (95%Cl) Accuracy (%) Sensitivity (%) Specificity (%)
PD-L1 Status

DL Training 0.851(0.833-0.872) 0.824(0.809-0.840) 0.758(0.729-0.791) 0.829(0.807-0.852)
Testing 0.799(0.762-0.854) 0.770(0.727-0.800) 0.680(0.604-0.756) 0.793(0.746-0.839)

Radiomics Training 0.819(0.800-0.845) 0.797(0.777-0.816) 0.732(0.688-0.775) 0.791(0.764-0.810)
Testing 0.795(0.748-0.843) 0.759(0.717-0.797) 0.790(0.707-0.851) 0.716(0.659-0.769)

Joint Training 0.885(0.867-0.905) 0.869(0.850-0.884) 0.801(0.768-0.842) 0.865(0.847-0.881)
Testing 0.867(0.817-0.897) 0.808(0.771-0.846) 0.822(0.758-0.884) 0.752(0.714-0.810)

Positive PD-L1 Expression with low and high PD-L1(+)

DL Training 0.911(0.875-0.941) 0.899(0.868-0.925) 0.924(0.894-0.943) 0.844(0.750-0.940)
Testing 0.837(0.775-0.911) 0.868(0.820-0.910) 0.857(0.816-0.905) 0.750(0.611-0.933)

Radiomics Training 0.884(0.841-0.917) 0.831(0.798-0.865) 0.802(0.764-0.837) 0.898(0.811-0.963)
Testing 0.836(0.775-0.892) 0.796(0.745-0.854) 0.744(0.672-0.809) 0.917(0.810-1.000)

Joint Training 0.919(0.889-0.942) 0.917(0.894-0.938) 0.941(0.918-0.960) 0.850(0.773-0.922)
Testing 0.864(0.802-0.924) 0.884(0.845-0.934) 0.917(0.877-0.955) 0.750(0.636-0.875)

EGFR, epidermal growth factor receptor; PD-L1, programmed death ligand-1; DL model, deep learning model.
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Methods Cohorts AUC(95%CI) Accuracy(%) Sensitivity(%) Specificity(%)

EGDFR Mutation Status

DL Training 0.880(0.871-0.892) 0.805(0.797-0.815) 0.832(0.820-0.845) 0.783(0.769-0.798)
Testing 0.842(0.825-0.855) 0.763(0.750-0.777) 0.797(0.777-0.818) 0.769(0.746-0.789)
Radiomics Training 0.838(0.827-0.850) 0.769(0.758-0.779) 0.794(0.780-0.812) 0.760(0.743-0.771)
Testing 0.805(0.789-0.827) 0.735(0.720-0.755) 0.768(0.748-0.793) 0.716(0.696-0.734)
Joint Training 0.919(0.914-0.924) 0.840(0.831-0.850) 0.839(0.829-0.852) 0.831(0.820-0.844)
Testing 0.895(0.883-0.907) 0.819(0.803-0.835) 0.791(0.765-0.816) 0.850(0.834-0.870)
EGFR Subtypes
DL Training 0.842(0.828-0.855) 0.753(0.740-0.769) 0.716(0.696-0.739) 0.853(0.836-0.873)
Testing 0.805(0.779-0.829) 0.732(0.707-0.755) 0.707(0.676-0.742) 0.815(0.787-0.849)
Radiomics Training 0.809(0.791-0.829) 0.725(0.708-0.743) 0.672(0.647-0.702) 0.848(0.830-0.870)
Testing 0.767(0.735-0.791) 0.697(0.663-0.728) 0.705(0.670-0.745) 0.742(0.712-0.773)
Joint Training 0.873(0.860-0.884) 0.790(0.776-0.804) 0.758(0.739-0.778) 0.862(0.844-0.881)
Testing 0.841(0.818-0.864) 0.767(0.746-0.790) 0.767(0.732-0.798) 0.827(0.803-0.858)

EGFR, epidermal growth factor receptor; PD-L1, programmed death ligand-1; DL model, deep learning model.





OPS/images/fimmu.2022.813072/table1.jpg
Age (years)
Sex, N(%)
Mo
Femae
Smoking status
Gurrnt o former
Never
Urknoun
Family history of cancer
Yes
No.
Urknoun
Histopathology.
wao
wse
Other

EGFR Mutation (%)
EGFRWIY
EGFR Mutant

PD-L1 Expression (%)
POLI-
POLI +

Mutated EGFR Subtype (%)
1900
LsssR
Others

Positve PD-L1 Exprassion (%)
250%
1-49%

Total (N=3816, %)
s032

206764.17)
1.749(25.89)

1.500039.30)
206754.17)
209652)

248(650)
335387.87)
2155.69)

299706.97)
60701590
27200.12)

1.13629.77)
284(7.44)
742019.44)

1.47538.65)
17904.69)

1,49637.63)
2:19957.47)

5626438
a1@Ese2)

91924.08)
1.09028.56)
18404.52)

2687.02)
43013

EGFR (N=3,629, %)
5020

1.9555387)
1.674(46.1)

14133890
1.981(54.59)
205647)

206650,
3.18887.85)
205(5.69)

27870680,
so2(1631)
250689)

1.09203009)
2720750
700(19.29)

1.40238.63)
1630449

14960057
21936049)

919024.08)
1.09003008)
184507

PO-L1 (N=873,%)
5872

7398
402(46.05)

2816219,
56606489
26298)

69750
7910061)
13(1.49)

7690038)
476538
76826

354(4055)
)
16001839
26009.78)
316859)

62(64.38)
ar@sea)

2080070)
40499

EGFR&PD-L1 (N = 818, %)
5877

44905489
e0le5.11)

25761.42)
54%66.38)
1822

67619
7451.08)
6079

74300089
2619
409

w242
637.7)

15018.34)

20628.85)
22269

18922:37)
6357769,

5696589
2790411

RPT Aatrol D I EIDRG FO-LT, CAOasied thalh Rt T: LMD A athnocethons LUNC: Aidd Suaaioos call cochom:

prvalue

0508

o143

0750

0508

020

097

sy

0639

o367

0215





OPS/images/fonc.2021.755341/crossmark.jpg
©

2

i

|





OPS/images/fonc.2021.755341/fonc-11-755341-g001.jpg
%Aumh‘ﬁctk‘m‘

,,,,,,,,,,,

w«\( «Ju‘:‘ﬂt‘& «Mw.

B

W

; 1!

bttt dtotay

ity doldy






OPS/images/fonc.2021.755341/fonc-11-755341-g002.jpg





OPS/images/fonc.2021.755341/fonc-11-755341-g003.jpg





OPS/images/fonc.2021.680402/table2.jpg
Gene expression Cases IPS-High IPS-Low p-Value

MAP1A High 518 320 198 0.004480 *
Low 519 365 154

MAP1B High 518 310 208 0.000033 *
Low 519 375 144

MAP1S High 518 364 154 0.005147 *
Low 519 321 198

MAP2 High 518 349 169 0.406379
Low 519 336 183

MAP4 High 518 317 201 0.001213 *
Low 519 368 1561

MAP6 High 518 373 145 0.000069 *
Low 519 312 207

MAP7 High 518 342 176 0.965447
Low 519 343 176

MAP7D1 High 518 323 195 0.014336 *
Low 519 362 167

MAP7D2 High 518 342 176 0.965447
Low 519 343 176

MAP7D3 High 518 295 223 <0.000001*
Low 519 390 129

MAP, microtubule-associated protein; IPS, immunophenoscore. *p < 0.05.
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MAP1B

Squamous cell lung carcinoma

Large cell lung carcinoma

Large cell lung carcinoma
MAP1S

Lung adenocarcinoma
MAP2

Lung adenocarcinoma
MAP7

Lung adenocarcinoma
MAP7D2

Large cell lung carcinoma
Lung adenocarcinoma

Fold Change

4.108
2.384
3.136
1.786
1.620
1.706

5.453
6.785

p-Value

3.95E-4
4E-3
9.06E-6
6.09E-17
713E-4
1.25E-4

1.33E-6
4.31E-11

Source and/or Reference

Garber Lung (29)
Garber Lung (29)
Hou Lung (30)
Selamat Lung (31)
Su Lung (32)

Su Lung (32)

Hou Lung (30)
Okayama Lung (33)

NSCLC, non-small cell lung cancer; MAP, microtubule-associated protein.
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1.966 (1.091-3.541)

1.000
1.315 (0.671-2.578)
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0.082

0.024
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All p values were two sides and less than 0.05 were considered significant.

SqCLC, Squamous cell lung cancer; OS, overall survival; HR, hazard ratio; Cl, confidence

interval.

Low and high expression was classified as the median except for CD47 (1% as cut-off

value).
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Age 0.122
<60y 1.000
>60y 1.346 (0.923-1.962)

Gender 0.537
Female 1.000
Male 1.435 (0.455-4.521)

Smoking 0.681
No 1.000
Yes 1.174 (0.546-2.524)

Tumor Diameter 0.003
<median 1.000
>median 1.761 (1.210-2.562)

T stage 1.56E-07
T14T2 1.000
T3+T4 2.746 (1.883-4.006)

N stage 0.000
NO+N1 1.000
N2 2.427 (1.661-3.545)

TNM Stage 0.000
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in 2.090 (1.985-4.264)

CDA47 expression 0.032
Low 1.000
High 155 (1.038-2.313)

PD-L1 expression 0.046
Negative 1.000
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No 1.000
Yes 1.163 (1.069-2.435)

CD8+ TlLs level 0.063
Low 1.000
High 0.702 (0.483-1.02)

CD68+Macrophage infiltration level 0.335
Low 1.000
High 1.218(0.816-1.818)

ERAP2 expression 0.028
Low 1.000
High 0.659 (0.454-0.956)

All p values were two sides and less than 0.05 were considered significant.

SqCLC, Squamous cell lung cancer; OS, overall survival; HR, hazard ratio; Cl, confidence
interval.

Low and high expression was classified as the median except for CD47 (1% as cut-off
value).
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Characteristics Groups Number of patients (%)
Gender Male 183 (96.32%)
Female 7 (3.68%)
Age <60 years old 88 (46.32%)
>60 years old 102 (53.68%)
Smoking Yes 176 (92.63%)
No 14 (7.37%)
T stage T1 25 (13.16%)
T2 99 (52.11%)
T3 45 (23.68%)
T4 21 (11.05%)
N stage NO 64 (33.68%)
N1 67 (35.26%)
N2 59 (31.05%)
TNM stage | 34 (17.89%)
1 70 (36.84%)
[T 86 (45.26%)
Tumor diameter* <4.5mm 98 (51.58%)
>4.5mm 92 (48.42%)

*The median of tumor diameter is 4.5mm.
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OPS/images/fimmu.2021.749461/table2.jpg
Neoantigens N Correlation coefficient P-value

nonsynonymous mutation 28 0664 <0.001
Frame shift indel 28 0.755 <0.001
In frame indel 28 0.071 0.718
Missense mutation 28 0.603 0.001
Nonsense mutation 28 0.501 0.007
Nonstop mutation 28 0.211 0.282
Splice site 28 0.546 0.003
A>T/T>A mutation frequency 28 0.279 0.151
A>C/C>A mutation frequency 28 0.641 <0.001
A>G/G>A mutation frequency 28 -0.690 <0.001
T>C/C>T mutation frequency 28 -0.535 0.003
T>G/G>T mutation frequency 28 0.388 0.041

C>G/G>C mutation frequency 28 0.418 0.027
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No. Gender Age Smoking history (pack years) Pathology TNM stage Clinical stage Tumor size Tumor history
1 Male 38 No A T1bNOMO la2 14mm No
2 Male 61 20 A T1bNOMO la2 23mm No
3 Male 59 No A T1aNOMO la1 10mm No
4 Male 58 30 A T1aNOMO lat 8mm No
5 Female 70 No A T1bNOMO la2 20mm No
6 Female 76 No A T1bNOMO la2 20mm Yes
7 Male 56 30 A T1bN1MO lb 20mm No
8 Male 70 10 A T2aNOMO b 40mm No
9 Male 59 No A T1cNOMO la3 25mm No
10 Male 47 30 A T2bN2MO lla 20mm No
11 Female 52 No A T1aNOMO la1 10mm No
12 Female al 2 A T3N2MO lib 20mm No
13 Female 60 No A T1cNOMO la3 18mm No
14 Female 68 No A T1bNOMO la2 15mm No
15 Male 73 No A T1cNOMO la3 30mm Yes
16 Female 60 No A T1bNOMO la2 13mm No
17 Female 54 3 A T1cNOMO la3 27mm Yes
18 Female ! No A T1bNOMO la2 15mm No
19 Female 58 No A T3NOMO lb 60mm No
20 Female 63 No A T1bNOMO la2 20mm No
21 Male 49 30 S T2aN1MO lb 32mm No
22 Male 61 40 A T1bNOMO la2 15mm Yes
23 Male 61 35 A T2bN1MO lb 40mm No
24 Male 56 30 A T2bN2MO lla 28mm No
25 Male 63 40 A T2aNOMO b 36mm Yes
26 Male 64 50 S T1cN1MO lb 30mm No
27 Male 64 3 S T2bN1MO lb 60mm Yes
28 Male 64 40 LCNEC T2aNOMO b 40mm No

A, adenocarcinoma; S, squamous carcinoma; LCNEC, large-cell-neuroendocrine carcinoma.
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Altered in 28 (100%) of 28 samples.
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Characteristics Cohort A(N=8) Cohort B (N =9) P

value
Age,y; median (Range) 66 (53-73) 58 (42-71) 0.18
Sex (male/ female) 4/4 5/4 1
Smoking status 0.58
Current/former 2 (25) 1(11.1)
Never 6 (75) 8(88.9)
ECOG PS (at initiation of 0.58
ICl/chemotherapy)
0 2 (25) 1(11.1)
1 6 (75) 8(88.9)
Disease status 0.47
"B 1(12.5) 0
v 7(87.5) 9 (100)
Site of metastasis (at
initiation of ICI/
chemotherapy)
Brain 3(37.5) 4 (44.4) 1
Liver 3(37.5) 2(22.2) 0.62
EGFR mutation status 1
(initial biopsy/pre-TKI)
Del19 5 (62.5) 6 (66.7)
L858R 3(37.5) 3(33.9)
T790M status (rebiopsy/ 0.64
post-TKI)
Positive 5 (62.5) 4 (44.4)
Negative 3(37.5) 5 (565.6)
Prior treatment lines 0.57
1 2 (25) 2(222)
2 3(37.5) 6 (66.7)
3 3(37.5) 1(11.1)
PD-L1 TPS 0.1
<1% 3(37.5) 3(33.3)
1-49% 4 (50) 0
>50% 1(12.5) 3(33.3)
Unknown 0 3(33.3)

ECOG PS, Eastern Cooperative Oncology Group performance status; EGFR, epidermal
growth factor receptor gene; ICI, immune checkpoint inhibitor; TKI, tyrosine kinase
inhibitor; Del19, exon 19 deletions; PD-L1 TPS, programmed death-ligand 1 tumor
proportion score.
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Patients Gender

A-1
A-2
A-3
A-4
A-5
A-6
A-7
A-8
B-1
B-2
B-3
B-4
B-5
B-6
B-7
B-8
B-9

Female
Female
Female
Male
Male
Male
Male
Female
Female
Female
Female
Male
Female
Male
Male
Male
Male

Age

54
58
68
53
70
66
66
73
70
55
42
59
59
57
58
4l
48

Smoking
status

Never
Never
Never
Former
Former
Never
Never
Never
Never
Never
Never
Never
Never
Never
Never
Former
Never

EGFR
mutation

Del19
L858R
L858R
Del19
L858R
Del19
Del19
Del19
L858R
Del19
Del19
L858R
Del19
Del19
Del19
L858R
Del19

T790M status
(post-TKI)

Negative
Negative
Positive
Positive
Negative
Positive
Positive
Positive
Negative
Positive
Negative
Negative
Negative
Negative
Positive
Positive
Positive

Prior treatment
lines

MRORON == POON WD = WR = W

PFS on first TKI
(months)

6.0
10.3
6.7
9.7
4.6
1.9
103
7.4
37
8.1
4.6
4.9
6.1
9.5
109
122
7.6

PD-L1 Expression
level (%)

50
2
2

<1

<1

10

<1
5

<1
<1

80

80

<1

NA

NA

NA

50

Response to ICI or
chemotherapy

SD
SD
sD
PR
PR
PR
SD
PR
i)
SD
PR
PR
PD
SD
sD
SD
SD

EGFR, epidermal growth factor receptor gene; Del19, exon 19 deletions; TKI, tyrosine kinase inhibitor; PFS, progression-free survival; PD-L1 , programmed death-ligand 1; ICl, immune

checkpoint inhibitor, A-, cohort A; B-, cohort B; NA, unknown.
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Event CohortA (N =8) Cohort B (N =9)

Any Grade Grade 3or4 Any Grade Grade 3 or 4
Any event 8 (100) 2(25) 9 (100) 3(33.3)
Anemia 6(75) 2(25) 7(77.8) 1(11.1)
Constipation 6(75) 0 0 0
Fatigue 4 (50) 0 1(11.1) 0
Decreased appetite 3(37.5) 0 2(22.2) 0
Skin reactions 3(37.5) 0 2(22.2) 0
Peripheral edema 3(37.5) 0 1(11.1) 0
Mucosal inflammation 3(37.5) 0 1(11.1) 0
Hyperthyroidism 2(25) 0 1(11.1) 0
Diabetes 2(25) 0 0 0
Hepatitis 2(25) 0 2(222) 1(11.1)
Dizziness 2 (25) 0 0 0
Neutrophil count decreased 1(12.5) 0 3(33.3) 1(11.1)
Pneumonitis 1(12.5) 0 0 0
Vomiting 1(12.5) 0 0 0
Hypothyroidism 1(12.5) 0 0 0
Nephritis 1(12.5) 0 0 0
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Characteristics N %
Total 98
Gender

Male 53 54.08
Female 45 45.92
Age

>60 42 42.86
<60 56 57.15
Histology

Squamous-cell carcinoma 5 510
Adenocarcinoma 89 90.82
Adeno-squamous carcinoma 2 204
Large cell carcinoma 2 204
Stage

1 46 46.94
2 30 30.61
3 22 22.45
EGFR mutation

Without (EGFR-) 41 41.84
With (EGFR+) 57 58.16
Subtypes of EGFR mutation

EGFR exon 19 deletion (19del) 17 17.35
EGFR L858R 14 14.29
G719A\C\S 12 12.24
s768l 13 18.27
Others (N468K, E709A, N771delinsGY, H870R, P772_H773dup, 15 156.31
I740_K745dup, V774M, A767_V769dup, R451H, D761Y and

ampilification)

At least two EGFR mutation subtypes 14 14.29
Available TIME analysis 39 39.80
Available TMB analysis 32 32.65
Postoperative therapy

Targeted therapy 13 18.27
Chemotherapy 34 34.69
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