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Introduction

Approximately 30% of patients diagnosed with stage Ia-b NSCLC die of recurrent disease after surgery. This study aimed to identify immune-related biomarkers that might predict tumor recurrence in stage Ia-b NSCLC within 40 months after curative resection.



Methods

Gene expression data of stage Ia-b NSCLC samples was retrieved from the TCGA database, the GEO databases, and the Second Xiangya hospital (XXEYY) database. 22 types of tumors infiltrating immune cells and the expression of immune-associated genes were investigated using CIBERSORT, immunohistochemical staining, and GSEA analyses in a total of 450 patients (80 in the training cohort and 370 in the validation cohorts). Recurrence-related immune features were selected based on the LASSO Cox regression model.



Results

High density of Tregs, Macrophages M0 and M1 cell could be observed in recurrence group while the memory B cell was more frequently enriched in controls, yet Tregs alone was significantly associated with tumor early recurrence in TCGA cohort, XYEYY cohort and GSE37745 dataset. A handful of immune-related genes were identified in the recurrence group. Based on Lasso regression analysis, the expressions of five immune-related genes, RLTPR, SLFN13, MIR4500HG, HYDIN and TPRG1 were closely correlated with tumor early recurrence. In the training cohort (TCGA), the combination of these five genes has sensitivity and specificity of 85% and 85%, with AUC of 0.91 (95% CI 0.84-0.98) for lung cancer early recurrence prediction, whereas in validation cohorts, the sensitivity and specificity using this panel was 61-89% and 54-82%, with AUC of 0.62-0.84.



Conclusion

Our study demonstrated that the immune microenvironment signatures were closely related to tumor early recurrence. Compared to tumor-infiltrating lymphocytes, the expression of five immune-related genes could be robust biomarkers to predict early recurrence of stage Ia-b NSCLC after curative resection.
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Introduction

Lung cancer remains the leading global cause of cancer-related mortality (1). It is responsible for more than 1.6 million deaths every year and accounts for nearly one-third of all cancer deaths worldwide (2). Non-small cell lung cancer (NSCLC), which mainly includes adenocarcinoma, squamous cell carcinoma, and large cell carcinoma, constitutes the vast majority of lung cancer cases (more than 80%) (3). Curative surgical resection remains the most commonly employed treatment for patients with early-stage NSCLC. However, approximately 30% of patients diagnosed with stage Ia-b NSCLC die of recurrent disease after curative resection (4, 5). Most of these recurrences are systemic, such as lung, brain, liver, and bone cancers, indicating the existence of occult cancer cells far beyond the margins of surgical resection at the time of surgery (6, 7).

In the recent guidelines for lung cancer screening issued by National Comprehensive Cancer Network, low-dose computed tomography (CT) screening was recommended for high-risk lung cancer patients (8, 9). It is anticipated that increasing numbers of patients will be diagnosed with early-stage lung cancer, and nearly 30% of these patients will experience disease recurrence within five years after curative surgery (10, 11). Thus, there is a greater emphasis on identifying novel biomarkers that have high predicting value on the recurrence of early-stage NSCLC.

The prognostic utilities of molecular biomarkers, such as gene mutation, DNA methylation, and immune signatures, have been investigated for NSCLC (12, 13). The most frequently described genetic mutations within NSCLC involve mutations of KRAS(8-24%), EGFR(10-15%), BRAF(2-10%), ERBB2(1-2%), and PIK3CA(1-7%) (13–15). Despite the association between gene mutation and patient survival described in previous studies, as well as observations that many patients with certain gene mutational status have benefited from personalized target therapy (16), the correlation between gene mutation and disease recurrence remains unclear.

Previous studies have described the immune signatures were closely related to clinical outcomes in patients with malignant tumors (17, 18). Tumor-infiltrating lymphocytes (TILs) form an ecosystem in the tumor microenvironment to regulate cancer development and progression and have shown potential prognostic values (19). A high level of activated CD8+ T cells is associated with a better prognosis in many types of cancers, including NSCLC (20). Cytotoxic CD8+ T cells and CD4+ helper T cells could target antigenic tumor cells to suppress tumor progression. On the other hand, some tumor-infiltrating lymphocytes, such as regulatory T cells (Tregs), macrophages, and myeloid-derived suppressor cells (MDSCs), could inhibit T cell responses by secreting immunosuppressive cytokines or directly suppress T cell anti-tumor immunity, leading to immune escape (21). MDSCs were found to be critical factors in the formation of the premetastatic microenvironment after curative resection of primary NSCLC. A decreased accumulation of MDSCs in the premetastatic lung produces longer periods of disease-free survival and increased overall survival (22). Moreover, a particular group of immune-related genes has been identified as promising biomarkers for estimating overall survival in non-squamous NSCLC (23, 24). However, most of these studies observed various stages and used survival as the endpoint, diminishing their applicability in predicting the recurrence of early-stage NSCLC. In the present study, we investigated gene expression data of 450 stage Ia-b NSCLC cases from six independent cohorts to establish and validate a novel prognostic signature for NSCLC based on immune profiles. TILs and immune-related genes which were closely correlated with the early recurrence of stage Ia-b NSCLC were identified. The establishment of immune gene-based early recurrence biomarkers for patients with stage Ia-b NSCLC will help clarify the complex underlying mechanisms between immune responses and the recurrence of early-stage NSCLC and help optimize immunotherapies for patients with early-stage disease.



Patients and Methods


Publicly RNA Expression Datasets

TCGA RNA-seq data of samples from patients with Stage Ia-b NSCLC were acquired from the NCI’s Genomic Data Commons (GDC) (https://portal.gdc.cancer.gov/). All the patients were staged according to the 8th TNM guidelines classification criteria (25). The early recurrence group was defined as the patients with Stage Ia-b NSCLC in whom the tumor recurred within 40 months after curative surgery. While the controls were defined as the patients with Stage Ia-b NSCLC in whom there was no recurrence during the 40 months follow-up period (26). All of the patients had no macroscopically or microscopically positive surgical margins, and none of them received neoadjuvant chemotherapy or radiotherapy before surgery. Based on this including criteria, 34 patients from TCGA data were included in the recurrence group, and 46 patients were assigned to control group. The clinical data and recurrence-free survival (RFS) data were also collected (Table 1).


Table 1 | Clinical characteristics of patients from TCGA cohort.



Based on the same including criteria, microarray data of patients with Stage Ia-b NSCLC from GSE31210, GSE116959, GSE32863, and GSE37745 were downloaded with complete clinical data using Gene Expression Omnibus (GEO) (http://www.ncbi.nlm.nih.gov/geo) to serve as validation datasets. GEO mRNA expression data was first log2 transformed and quantile normalized, then genes detected with more than one probe were calculated by mean expression. The clinical characteristics of the patients included in our study were shown in Supplemental Table S1.



Patients and Fresh Frozen Tissue Samples From XYEYY Cohort

From October 2011 to June 2016, a total of 128 patients with NSCLC who underwent surgical resection at the Department of Thoracic Surgery, the Second Xiangya Hospital of Central South University were enrolled in this study (XYEYY cohort), including 42 patients in recurrence group and 86 patients in control group. All patients were staged to Stage Ia-b according to the 8th TNM guidelines classification criteria (25), including the histologic status of regional lymph nodes that were resected en bloc with the tumor and the mediastinal lymph nodes sampled from levels II, IV, VII, VIII, and IX on the right side and levels IV, V, VI, VII, VIII, and IX on the left side. All of the patients had no macroscopically or microscopically positive surgical margins. The clinic characteristics of the patients were collected from clinical notes, including demographics, smoking history, pulmonary function tests, and co-morbidities. Former smokers were defined as those individuals who had quit smoking within 15 years of the time of the study. Pack-years of cigarette smoking were defined as the average number of packs smoked per day multiplied by the number of years of smoking. Nodule size was obtained from the pathological report. None of the patients received neoadjuvant chemotherapy or radiotherapy before surgery. A summary of clinical and pathological characteristics of patients included in this study is presented in Supplemental Table S1.

This study was approved by the Institutional Review Board of the Second Xiangya Hospital Central South University and the requirement for informed consent was waived due to the study’s retrospective nature.



RNA Extraction

All fresh tissue samples were washed with distilled deionized water and preserved using liquid nitrogen for quick freezing. The RNA extraction of tumor specimens was performed using the RNeasy Mini Kit (Qiagen), according to the manufacturer’s recommendations. RNA quantity and purity were measured with the NanoDrop ND-1000 spectrophotometer (Thermo Scientific). RNA integrity, determined by the RNA integrity number (RIN), was determined with the 2100 Bioanalyzer (Agilent).



RNA-Seq Analysis

The detection and analysis of RNA-Seq were performed as described previously (27). Pathway enrichment analysis was based on Gene Set Enrichment Analysis (GSEA) (http://www.gsea-msigdb.org/gsea/index.jsp). Pathways with p-value<5% and q-value<25% are considered significantly enriched in differentially expressed or modified genes.



Data Analysis

The TCGA dataset was adopted as the training set, which the GEO datasets and XYEYY dataset were conducted as validation sets. All the FPKM (Fragments Per Kilobase Million) information was normalized by the GAPDH expression of corresponding samples before lasso logistic analysis.



LASSO Logistic Analysis

A Least Absolute Shrinkage and Selection Operator (LASSO) analysis were carried out to identify recurrence predictors. The recurrence signatures were further built based on the coefficients of LASSO logistic analysis. The sensitivity and specificity of the original model were obtained by the ROC curve. The performance of the model was internally validated and estimated by using the enhanced bootstrap method (n=100). The risk score for each patient was calculated using the linear combination of each expression of the gene multiplied by the LASSO coefficient (28).



CIBERSORT Analysis

We used CIBERSORT (http://cibersort.stanford.edu/) to determine the relative fractions of 22 infiltrating immune cell types in each tumor tissue, with the algorithm run using the LM22 signature matrix at 1000 permutations. These Tumor-infiltrating immune cells included naïve B cells, memory B cells, plasma cells, naïve CD4+T cells, resting memory CD4+T cells, activated memory CD4+T cells, γδT cells, CD8+T cells, T follicular helper cells (Tfh), Tregs, macrophages (M1 macrophages, M2 macrophages, M0 macrophages), resting natural killer (NK) cells, activated NK cells, resting mast cells, activated mast cells, resting dendritic cells (DC), activated DC, monocytes, neutrophils and eosinophils. For each tumor sample, the sum of all evaluated immune cell type fractions equaled 1 (29–31).



Quantitative Real-Time RT-PCR Analysis

Quantitative real-time RT-PCR was performed using a Prism 7500 Sequence Detection System (ABI, USA) and mRNA levels were quantified using the SYBR®Premix Ex Taq™(Takara Bio Inc., Dalian, China). All reactions were performed using at least two independent runs in triplicate each time. Then a dilution series of sample RNA was included to generate a standard curve used to calculate the relative concentrations of transcript present in each sample. Negative controls (in which water was substituted for RNA) were run for each sample. β-actin was also amplified and used as a loading control. As described previously, the 2−ΔCt was calculated for each expression detection replicate comparing with the mean Ct for ACTB. For replicates that were not detected (ND), a Ct value of 100 was used, creating a near-zero value for 2−ΔCt. The mean 2−ΔCt value and the cutoff were calculated with the formula previously (32, 33). Specific primers used for amplification were shown in Supplemental Table S2.



IHC Analysis

IHC for CD4, CD8, and Foxp3 expression was performed as described in previous studies (34). Briefly, PEFF specimen blocks were cut into 4-μm-thick slices and mounted onto microscope slides. Rehydrated tissue sections were boiled in EDTA buffer (pH 8) with a microwave at 92°C for 30 minutes. After cooling down at room temperature (RT), tissue sections were successively incubated with a peroxidase block and a protein block for 10 minutes each. Sections were next incubated for 1h at RT with a mouse monoclonal anti-CD8/CD4/Foxp3 antibody (Abcam, Cambridge, UK). Sections were then incubated with EnVision anti-mouse HRP-conjugated antibody for 30 minutes at RT and then treated with the substrate diaminobenzidine tetrahydrochloride to allow visualization of the antigen-antibody complex. Lastly, the sections were lightly counterstained with hematoxylin. The percentages of positive lymphocytes as compared with the total amount of nucleated cells in the stromal compartments were assessed as previously described (35).



Statistical Analyses

Demographic, gene expression and genotype variables were summarized by case-control status with percentages for categorical variables and means and standard deviations for continuous variables. Student’s t-tests or two-sided Wilcoxon rank-sum test was used to assessing p values between continuous variables, while Chi-squared tests or Fisher’s exact tests were used between two categorical variables. The association between the gene expression and case-control status were expressed as hazard ratios and their corresponding 95% confidence intervals obtained from logistic regression models with adjustment for the design variables (age and gender) and other important covariates, including smoking status, pack-years of smoking, and pulmonary function test results. Receiver operating curve (ROC) analysis was performed to investigate the performance of each individual gene in predicting cancer recurrence. The area under the curve (AUC) was reported with 95% confidence intervals (32, 33). All statistical analyses were performed by using SPSS 22.0 for Windows (SPSS, Chicago, IL, USA) and R 3.5.0 (http://www.r-project.org/). For all statistical analyses, a p-value< 0.05 was considered significant.




Results


Clinical Characteristics of the Patients

A total of 450 patients met inclusion criteria, with 151 recurrent cases and 299 controls in all datasets. According to the 8th edition of National Comprehensive Cancer Network Guidelines for the TNM classification for lung cancer (25), all of the subjects included in this study were patients with stage Ia-b NSCLC. The most frequent sites of recurrence were the ipsilateral lung, followed by metastasis to the brain, bone, mediastinum, and chest wall. Clinical and pathologic characteristics of patients in each dataset are shown in Table 1 and Supplemental Table S1.



Tumor-Infiltrating Lymphocytes Between Recurrence Group and Controls

We first investigated the distribution of infiltrating immune cells in the tumors from the TCGA training cohort. As shown in Figure 1, among 22 tumor-infiltrating lymphocyte types, Tregs, M0 and M1 macrophages significantly enriched in tumor tissues in the recurrence group, while memory B cells were more frequently detected in controls. Multivariate analysis revealed that the infiltration of Tregs was significantly related to tumor early recurrence (HR: 8.49, 95%CI: 2.04-35.44, p=0.003; Figure 2), which was consistent with Rooney and colleagues’ study (36). Next, we validate this result in XYEYY and GEO datasets. In the XYEYY cohort, CIBERSORT analysis demonstrated significant enrichment of Tregs in recurrence group, which were confirmed by IHC analysis (Supplemental Figure S1). A strong correlation between Tregs infiltration and tumor early recurrence was also found (HR: 1.93, 95%CI: 1.25-3.86, p<0.01; Figure 2). However, this correlation was only found in the GSE37745 dataset (HR: 2.68, 95%CI: 1.25-6.44, p<0.01; Figure 2), the infiltration of Tregs lost its significance in GSE31210, GSE32863, and GSE116959 datasets (Figure 2), indicating potential discordance when applying this biomarker in clinic practice.




Figure 1 | The distribution of infiltrating immune cells in the tumors from TCGA training cohort. CIBERSORT analysis demonstrated that the total number of infiltrated lymphocytes was similar between the two groups (p = 0.12). Among 22 tumor infiltrating lymphocyte types, Tregs, M0 and M1 macrophages significantly enriched in tumor tissues in the recurrence group, while memory B cells were more frequently detected in controls (*p < 0.05; **p < 0.01; ***p < 0.001). CIBERSORT analysis failed to generate the infiltration status of naïve CD4+T cells.






Figure 2 | Performance of TILs as a predictor for lung cancer early recurrence. In the TCGA cohort, multivariate analysis revealed that the infiltration of Tregs was significantly related to tumor early recurrence (HR: 8.49, 95%CI: 2.04-35.44, p = 0.003). A strong correlation between Tregs infiltration and tumor early recurrence was also found in the XYEYY cohort (HR: 1.93, 95%CI: 1.25-3.86, p < 0.01) and GSE37745 dataset (HR: 2.68, 95%CI: 1.25-6.44, p < 0.01). The infiltration of Tregs lost its significance in GSE31210, GSE32863, and GSE116959 datasets.





Association of Immune-Related Genes Expression and Tumor Early Recurrence

In order to comprehensively assess the relationship between the expression of immune-related genes and tumor early recurrence, GSEA analyses were performed to identify differentially expressed genes between two groups. In the TCGA cohort, a certain number of immune-related genes were found to be overexpressed or down-regulated in recurrence group compared to controls (Figure 3A). Several biological processes and pathways were identified to be related to these significant genes (Figure 3B), which revealed that these genes were primarily involved in inflammatory pathways and innate immune responses. Further, a LASSO Cox regression model was used to calculate the most valuable prognostic genes, resulting in a model with five immune-related genes: RLTPR, SLFN13, HYDIN, MIR4500HG, and TPRG1.




Figure 3 | (A) Heatmap showed that, in the TCGA cohort, a certain number of immune-related genes were found to be overexpressed or down-regulated in the recurrence group compared to controls. (B) Several biological processes and pathways were identified to be related to these significant genes. (C) Quantitative real-time RT-PCR revealed the abnormal expression of RLTPR, SLFN13, HYDIN, MIR4500HG, and TPRG1 in the XYEYY cohort. *p < 0.05; **p < 0.01; ***p < 0.001.



As shown in Figure 4, in the TCGA cohort, the expression of RLTPR, SLFN13, HYDIN and MIR4500HG were higher in the recurrence group than that in the controls, while TPRG1 were significantly down-regulated in recurrence group (p<0.001). Based on the gene expression status, all the patients were assigned to the high-risk group and low-risk group. Kaplan-Meier survival analyses showed that the rate of recurrence in the high-risk group was significantly higher than that in the low-risk group. Consistently, the mortality rate in the high-risk group was significantly higher than that in the low-risk group (Figures 5A, E), indicating a strong correlation between gene expression and tumor recurrence-free survival.




Figure 4 | (A–E) In the TCGA cohort, the expression of RLTPR, SLFN13, HYDIN and MIR4500HG was higher in the recurrence group than in controls TPRG1 were significantly down-regulated in the recurrence group (***p < 0.001). (F, G) ROC curves for lung cancer early recurrence prediction using single gene and five-gene combination in TCGA cohort. (H–L) ROC curves for lung cancer early recurrence prediction using five-gene combination in XYEYY cohort and GEO datasets.






Figure 5 | (A–D) In TCGA training cohort, XYEYY cohort and GEO datasets, Kaplan-Meier survival analyses showed that the rate of recurrence in the high-risk group were significantly higher than that in the low-risk group. (E–H) Consistently, the mortality rate in the high-risk group were significantly higher than that in low-risk group. Patients enrolled in GSE116959 dataset was conditioned by stringent criteria such as availability of resected surgical specimens, good quality RNA and time of follow-up for surviving patients (min 40 months for surviving patients). The recurrence and vital status were recorded, unfortunately, the time from surgery to recurrence or death were not available. Similarly, the recurrence status was recorded in GSE32863, but no time details. Thus Kaplan-Meier analyses cannot be performed in these two datasets.



To evaluate predictive performance of the five immune-related genes, ROC curves were obtained for each single gene using the normalized expression ΔCt values calculated as described in methods (32). There was high concordance between RLTPR (AUC: 0.71, 95%CI: 0.59-0.83), SLFN13(AUC: 0.78, 95%CI: 0.67-0.89), MIR4500HG (AUC: 0.74, 95%CI: 0.62-0.85), HYDIN (AUC: 0.72, 95%CI: 0.61-0.83) and TPRG1 (AUC: 0.75, 95%CI: 0.64-0.86) abnormal expressions and tumor early recurrence (Figure 4F). Multivariate analyses indicated that the expression of these five genes was closely related to increasing early recurrence risk (Table 2). We further evaluated the combination of the five genes. With sensitivity and specificity of 85% and 85%, the combination of these five genes have the largest AUC of 0.91 (95% CI 0.84-0.98) for lung cancer early recurrence prediction (Figure 4G and Table 2).


Table 2 | Recurrence prediction using gene expression in TCGA training cohort.





Validation of the Five Gene Signature in the GEO Datasets

We validate the five-gene signature in four GEO datasets, GSE37745, GSE31210, GSE32863 and GSE116959. With similar gene expression status, patients were divided into high-risk group and low-risk group. Kaplan-Meier survival analyses revealed that patients in the low-risk group had significantly lower tumor early recurrence rates and better RFS than that in the high-risk group (Figures 5C, D, G, H), which were similar to the result from the TCGA cohort. We next validated the recurrence predictive performance of the combined five genes. At the best quantitative cutoff, the sensitivity and specificity of each GEO dataset ranged from 61% to 81% and 54% to 75%, respectively. The AUC of GSE116959, GSE37745, GSE31210 and GSE32863 were 0.84 (95% CI 0.70-0.99), 0.71 (95% CI 0.56-0.87), 0.62 (95% CI 0.52-0.73), 0.80 (95% CI 0.61-0.98), respectively (Figures 4I–L). With an elevated Hazard ratio from 1.88 to 8.23, the combination of five genes showed a strong association with tumor early recurrence (Table 3).


Table 3 | The combination of five genes showed a strong association with tumor early recurrence in validation cohorts.





Validation of the Five-Gene Signature in XYEYY Cohort From Frozen Tissue Samples

To evaluate the performance of the five-gene signature in predicting tumor early recurrence for patients with stage Ia-b NSCLC in clinic practice, we validated it in an independent cohort consisting of frozen tissue samples (Supplemental Table S1). Consistent with the TCGA cohort, abnormal expression of the five genes were also observed (Figure 3C). Based on the gene expression status, patients were also divided into high-risk group and low-risk group. High-risk patients had a significantly higher rate of early recurrence and shorter survival than the low-risk group (Figures 5B, F, p<0.0001). The AUC of the combined five genes was 0.82 (95% CI 0.61-0.99), with sensitivity and specificity of 89% and 82%, respectively (Figure 4H). Further regression analysis revealed that the five-gene signature was a significant risk factor for early tumor recurrence for patients with stage Ia-b NSCLC after curative surgical resection (HR: 7.91, 95% CI 3.34-35.9, p<0.001, Table 3).




Discussion

Patients with early-stage NSCLC are at substantial risk for tumor recurrence and death, even after curative surgical resection. Due to a lack of consistent survival benefits, the use of adjuvant therapy in stage I NSCLC patients after surgery remains controversial. Identifying reliable prognostic biomarkers is critically needed to find out patients who are at high risk for early recurrence and who might benefit from additional systemic therapy. Recent studies revealed that prognostic biomarkers related to the tumor immune microenvironment might hold great promise for identifying novel molecular targets and improving patient management in the era of immunotherapy (23, 37). In the present study, for the first time, we investigated the immune signatures that are closely related to the early recurrence of stage Ia-b NSCLC after surgery. We estimated diverse leukocyte types in the tumors and identified key immune cell types that associate with recurrence of stage Ia-b NSCLC within 40 months after surgical resection. Moreover, we developed a five immune-related gene panel that was significantly related to relapse-free survival (RFS) in patients with stage Ia-b NSCLC and validated it in multiple independent datasets.

It is believed that immune responses are heterogeneous and require numerous different types of infiltrating immune cells to interact in the tumor microenvironment coordinately (32). The TILs play essential roles during the occurrence and development of cancers and have become the main targets of emerging immunotherapies. Previous studies estimated the composition of TILs by flow cytometry or immunohistochemistry (IHC), which could only quantify a few types of immune cells at a time, thus had limitations in illustrating immune profiles in carcinogenesis. In this study, we adopted a proven in-silico approach using CIBERSORT to resolve 22 immune cell types from tumor transcriptome (17, 29). Among the immune cell types estimated in the TCGA dataset, a high proportion of Tregs, M0 and M1 macrophages in the tumors were associated with a significantly increased probability of tumor recurrence within 40 months after surgery. Conversely, an increased proportion of memory B cells were associated with a lower probability of recurrence (Figure 1). Further multivariate analysis revealed that Tregs alone was significantly associated with tumor early recurrence (Figure 2). Previous studies have also reported that increased Treg counts were associated with worse overall and relapse-free survival in patients with NSCLC (38–40), breast cancer (41), and hepatocellular carcinoma (42), indicating its critical value in identifying patients with high risk of tumor recurrence. However, in validation cohorts, the significant infiltrating difference was only detected in XYEYY and GSE37745 datasets. The infiltration of Tregs lost its significance in GSE31210, GSE116959 and GSE32863 datasets (Figure 2), indicating potential discordance when applying this biomarker in clinic practice.

Despite CIBERSORT permitted a comprehensive analysis of the intra-tumoral immune composition in tumors and identified distinct intra-tumoral immune profiles comprising both positive and negative prognostic immune cell types and had been proved to be effective in evaluating immune profiles in the tumor microenvironment. There are some limitations that need to be addressed. First, CIBERSORT uses a limited set of genes to estimate the 22 immune cell types. Gene expression does not always correlate with protein levels in the cells and differential transcriptional activity among cell types can potentially inflate or deflate the estimation of active or inactive immune cells (43). Second, the localization of immune cells identified could not be evaluated since this is a retrospective study based on tumor transcriptome data and microarray data. In addition, CIBERSORT inference also suffered from statistical collinearity when calculating the TILs (44). These confounding factors might result in biased estimations when validating the predicting value of Tregs in multiple cohorts.

To identify reliable early recurrence predictive biomarkers for stage Ia-b NSCLC after curative surgery, we further investigated gene expression data using LASSO regression analysis. Five immune-related genes, SLFN13, RLTPR, HYDIN, MIR4500HG and TPRG1, were identified to be closely correlated with tumor early recurrence. SLFN13 belongs to Schlafen (SLFN/Slfn) family which has been investigated for their involvement in fundamental cellular processes, including growth regulation, differentiation and control of viral replication. Upregulation of SLFN13 was observed in the differentiation of monocytes to monocyte-derived dendritic cells, indicating a regulating role of SLFN13 in human T cell quiescence (45, 46). RLTPR has been identified as a key regulator of the T-cell receptor signaling pathway. It could selectively upregulate the NF-κB pathway in activated T cells and augment T-cell-receptor-dependent production of interleukin 2 (47). Moreover, Malissen and colleagues reported that RLTPR was a lymphoid cell-specific, actin-uncapping protein essential for co-stimulation via CD28 and the development of Tregs. RLTPR deficiency may lead to defective CD28-mediated T cell co-stimulation, resulting in defects in both T and B cell compartments, including a decrease of central memory CD8+ T cells, Tregs, and memory B cells (48–50). HYDIN family has been recently identified as novel cancer-associated antigens recognized by adaptive immunity, indicating a potential role in the pathogenesis of cancer (51). Additionally, TPRG1 was also reported to be involved in the regulation of immune response (52).

Our study first evaluated the predictive performance of individual gene biomarkers for lung cancer early recurrence. Each gene can predict tumor early recurrence from many patients, which confirmed the utility of SLFN13, RLTPR, HYDIN, MIR4500HG and TPRG1. Furthermore, by combining these five genes in a panel, we greatly improve the sensitivity without a substantial decline in specificity (Figure 4G and Table 2). The five gene combination was able to provide a very high sensitivity ranging from 61% to 89% and a specificity ranging from 54% to 85% from training and validation cohorts (Tables 2, 3). Due to the fact that gene expression in individuals might depend on the alterations of different molecular pathways, the use of a multiple gene signature may provide greater utility for predicting when compared with a single gene.

Currently, there is no clinically applicable, unambiguous biomarker signature panel for the early recurrence of stage Ia-b NSCLC after surgery. The current TNM staging system relies significantly on anatomic factors and is limited in its ability to discriminate a subset of patients with stage I disease with a poor survival rate. In fact, for stage Ia-b NSCLCs, tumor size is the only prognostic factor available. For the first time, our study identified five immune-related genes that correlated with cancer early recurrence. Notably, the five-gene panel showed predicting accuracy in all validation datasets, suggesting the potential clinical application for the predicting of early recurrence of stage Ia-b NSCLC.

There are several limitations to our study. First, the number of patients studied was relatively small, although we tried to include as many datasets as possible for more rigorous validation of our biomarkers. Second, gene expression signatures are subject to sampling bias caused by intratumor genetic heterogeneity. The last limitation is the retrospective nature of this study. Prospective studies are needed to further validate its analytical accuracy for predicting cancer early recurrence and testing its clinical utility in the individualized management of stage Ia-b NSCLC.



Conclusion

Our study demonstrated that the immune microenvironment signatures were closely related to the early recurrence of stage Ia-b NSCLC. The concomitant levels of macrophages and Tregs, in addition to the memory B cells in tumors, indicate substantial risk for tumor early recurrence in patients with stage Ia-b NSCLC. Compared to tumor-infiltrating lymphocytes, the expression of five immune-related genes could be robust biomarkers to predict early recurrence of stage Ia-b NSCLC within 40 months after curative resection.
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Patient Recurrence group  Control group  p-value

Characteristics (n=34) (n = 46)
Age (vear, IQR) 68 (48-88) 69 (56-83) 0.08
Gender (%)
Male 16 (47.1%) 26 (56.5%) 0.40
Female 18 (52.9%) 20 (43.5%)
Stage-no.(%)
la 20 (58.8%) 21 (34.8%) 0.24
Ib 14 (41.2%) 25 (65.2%)
Recurrence event type N/A
Locoregional 14 (41.2%) N/A
Distant Metastasis 20 (68.8%) N/A
Gene mutation events-no*.
EGFR 1(9.0%) 2 (18.2%) 053
BRAF 3(27.3%) 3(27.3%) 1.00
ALK 0 (0.0%) 1(9.0%) 0.31
AKT1 0 (0.0%) 0(0.0%) 1.00
KRAS 3 (27.3%) 3 (27.3%) 1.00
HRAS 0(0.0%) 0(0.0%) 1.00
NRAS 0 (0.0%) 0 (0.0%) 1.00
MET 1(9 0%) 0(0.0%) 0.31
ERBB2 ( .0%) 0 (0.0%) 0.31
ERBB4 (9.0%) 1(9.0%) 1.00
MAP2K1 ( .0%) 1(9.0%) 1.00
PIK3CA w(g 0%) 1(9.0%) 1.00
STK11 1(9.0%) 1(9.0%) 1.00
Pack-Year (QR) 47 (20-200) 40 (6-120) 0.50
FEV1/FVC (%, IQR) 72 (47-156) 69 (51-115) 0.1

“the gene mutation information could be found in 22 patients in the TCGA cohort, 11 in the
recurrence group and 11 in the control group.
N/A, not available.





