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Editorial on the Research Topic


Factors that impact the survival of non-small cell lung cancer


There has never been a more exciting time to be a thoracic oncologist.

The last decades of biological discovery have led to meaningful gains in survival through the development of EGFR tyrosine kinase inhibitors (TKIs) and immunotherapy, and as this collection demonstrates, an increasing understanding of the factors that influence survival.

This collection, of the most highly cited and popular articles published within Frontiers in Oncology in Non-Small Cell Lung cancer over the last 5 years, illustrates the great depth and breadth of this field and focuses in particular on the biology and treatment outcomes of lung cancer patients with adenocarcinomas.

As Baak et al. show, NSCLC patients are diverse, and it is increasingly clear that the paradigms to predict outcomes which are based largely upon stage, histology and treatment can no longer effectively predict survival. Their intriguing finding that biological factors, such as clonality, proliferation and intra-tumour heterogeneity may differentiate between subpopulations of patients with different survival is to some extent justified by the other articles in this collection.

Despite the startling gains in survival seen in recent immunotherapy trials in both early stage NSCLC (1, 2) and metastatic NSCLC (3) the biology of the immune response remains poorly defined, and the intricacies of this response, and the mechanisms of resistance, which develop in the majority of patients treated with immunotherapy will require a sustained commitment to overcome. To this end, it is heartening to see so much emerging preclinical data exploring the mechanisms underpinning immunotherapy response and resistance. The predictive power of novel tumour biomarker signatures are explored by Yang et al. who demonstrate that RNA sequencing of long-coding RNA may help to predict survival in adenocarcinoma patients.

Our understanding of oncogenic pathways in lung adenocarcinoma also continues to deepen, and the evaluation of CDCA4, a gene that encodes transcription factors involved in cell proliferation and DNA synthesis in a small surgical cohort of patients provides yet another pathway to be interrogated in larger datasets and preclinical models (Tan et al.). A further two papers in this collection interrogate large patient databases to assess whether genomic signatures associated with macrophage switching(Chen et al.) and TGF-beta expression in radiotherapy patients are associated with overall survival (Zhang et al.). Using genomic analysis from a database and CRISPR silencing of acetyl-CoA acyltransferase (ACAA1) Feng and Shen also investigated causes of immunotherapy response and resistance in KRAS driven NSCLC demonstrating and appears to drive the development of an immunosuppressive tumour microenvironment dominated by CD4+. T-Helper(TH)1, TH2 and TREG cells.

Imaging biomarkers continue to evolve, and offer the promise of non-invasive, multiple time-point assessments of tumour biology. Although, as pointed out by O’Connor et al. (4) CT-based radiomics still requires refinement and the use of large scale training datasets before a validated methodology is established it is encouraging to see work that employs large cohorts of patients with uniform biology to develop tools that are specific to the East Asian adenocarcinoma population (Wang et al.). Similarly, Jiang et al. review the correlations between EGFR mutation status and 18-F-FDG avidity, which also has useful real world applications for disease monitoring in patients being treated with tyrosine kinase inhibitors (TKIs).

The collection also captures the truly multidisciplinary nature of NSCLC management, and deals not only with improving survival but also with treatment and prognostication in patients with pleural effusions(Li et al., Qiao et al.) and with the ability of non-medication based approaches to improve analgesia and quality of life (Tang et al.).

In early stage disease, useful data is explored that looks at disease and treatment characteristics influencing survival in both surgical (Huang et al.) and radiotherapy(Yang et al., Li et al.) patients with both adenocarcinoma and squamous histologies. Given the paucity of clinical trial data that is specific to the histological subtypes of adenocarcinoma and squamous cell carcinomas, these retrospective analyses provide some useful guidance to support changes that are occurring in clinical practice to de-intensify local treatment approaches, such as the movement towards segmentectomy rather than lobectomy.

The efficient and rapid evaluation of emerging treatment strategies in clinical trials is handled in a different way by a paper exploring the value of early-stage endpoints as surrogate markers for later endpoints of durable response such as long-term progression free and overall survival (Shameer et al.). As the authors point out the sue of early end-point surrogates, permitting the assessment of survival outcomes at 4 or 6 months holds great promise to reduce the cost of clinical trials but needs significant future work in this area before these strategies can be validated for wider clinical use.

Finally, to underscore the importance of prevention, an increasing body of data underscores the importance of smoking cessation on both cancer causation and mortality after diagnosis. As Koshiaris (5) and Jha (6) have pointed out smoking accounts continues to account for an enormous proportion of cancer deaths, with an increasing burden falling on low- and middle-income countries. However, there is relatively little data on the interplay between smoking and response to therapies. Given the high levels of both EGFR expression and the high incidence of smoking in the East Asian population it is encouraging to see the exploration of this relationship, although the finding that smoking is a less powerful driver of response to TKI’s than gender raises further intriguing biological questions to be explored in future work (Xiao et al.).

In summary, the future is bright for non-small lung cancer, as the thoracic oncology community continues to work together to advance the science for our patients.
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Background: To comprehensively understand the impact of sex and smoking on the efficacy of epidermal growth factor receptor-tyrosine kinase inhibitor (EGFR-TKI) therapy in terms of overall survival (OS) in non-small-cell lung cancer (NSCLC).

Methods: PubMed, Cochrane Library, Embase, and Scopus were searched from inception to March 17, 2019. OS was analyzed based on hazard ratios (HRs) and 95% confidence intervals (CIs) and estimated using the random effects model.

Results: Our meta-analysis included 22 studies involving 11,874 patients. In the primary analysis, we found no statistically significant efficacy difference for EGFR-TKI intervention between females and males (pooled HR 0.95, 95% CI 0.87–1.04, P = 0.30) and no obvious efficacy difference between never smokers and ever smokers (pooled HR 0.91, 95% CI 0.76–1.09, P = 0.31). In the subgroup analysis of placebo control treatment, we found that female NSCLC patients who received EGFR-TKI therapy had a longer OS than male patients (pooled HR 0.86, 95% CI 0.75–1.00, P = 0.04), while smoking status showed no significant effect on the efficacy of EGFR-TKI treatment in terms of the OS of NSCLC patients in all subgroup analyses.

Conclusion: The efficacy of EGFR-TKI therapy for NSCLC patients is independent of smoking status but dependent on sex, and females have a longer OS than males.

Keywords: meta-analysis, epidermal growth factor receptor-tyrosine kinase inhibitor, overall survival, non-small-cell lung cancer, sex


INTRODUCTION

Lung cancer is one of the most common cancers in men and women, and there is no doubt that lung cancer poses the greatest threat to human life, as it results in one-quarter of all cancer deaths (1). However, non-small-cell lung cancer (NSCLC) accounts for more than 85% of lung cancer, (2) and it is well-known that there is a significant difference in the development of NSCLC between male and female patients and between patients of different smoking statuses (3, 4).

Overactivation of epidermal growth factor receptor (EGFR) tyrosine kinases is a key mechanism leading to the development of NSCLC (5). In recent years, epidermal growth factor receptor-tyrosine kinase inhibitors (EGFR-TKIs) have achieved good clinical efficacy in the treatment of NSCLC. At present, three generations of EGFR-TKIs have been widely used in the clinical treatment of NSCLC, such as gefitinib, afatinib, and osimertinib, which represent first-, second-, and third-generation EGFR-TKIs, respectively (6). Of course, other new EGFR-TKIs are also on the way to development and being promoted (7). There is no doubt that EGFR-TKI therapy plays a pivotal and irreplaceable role in the treatment of patients with NSCLC.

Previous meta-analyses focused on EGFR-mutated NSCLC patients and the progression-free survival (PFS) have concluded that female and non-smoking NSCLC patients have better efficacy with EGFR-TKIs than male patients and smokers (8–10). However, as we know that EGFR-TKIs treatment also shows some kind of treatment effects for NSCLC patients with unknown or wild-type EGFR status, and the association of overall survival (OS) with EGFR-TKIs treatment in NSCLC patients. Those previous studies could be expanded.

In the meantime, we found two meta-analyses that comprehensively and thoroughly studied the effect of sex on the efficacy in terms of OS of immune checkpoint inhibitors in cancer treatment (11, 12). We were very interested in these two studies, which prompted us to re-examine the impact of sex and smoking status, the two most common and important clinical features in NSCLC, on the efficacy of EGFR-TKIs. Thus, we have done and now report a meta-analysis of the association of sex and smoking with the efficacy of EGFR-TKIs in terms of OS in NSCLC.



METHODS


Search Strategy and Selection Criteria

We performed this meta-analysis according to the PRISMA guidelines (13). PubMed, Cochrane Library, Embase, and Scopus were searched from inception to March 17, 2019. Two authors independently searched the databases. The main search terms were “lung cancer,” “survival,” “hazard ratio,” “EGFR” and “randomized controlled trials.” Full details of our search strategies for the databases are shown in the Supplementary Material (Supplementary Content 1). Titles, abstracts and full-text articles were reviewed independently by two authors. Inconsistencies were discussed by all authors to reach consensus. Reference lists were also reviewed to identify additional relevant studies.

The literature inclusion criteria were as follows: randomized controlled clinical trials for NSCLC that contained any single EGFR-TKI treatment; the treatment plans in the corresponding control group did not contain any other EGFR-TKIs; the prognosis endpoint was OS, and the corresponding hazard ratios (HRs) and 95% confidence intervals (CIs) were reported according to sex and/or smoking status; and the full-text manuscripts were published in English. The exclusion criteria were as follows: retrospective studies of clinical cases; abstracts, reports, and papers from conferences; literature reviews and meta-analyses.



Data Extraction and Study Quality Assessment

Two authors independently extracted data from the included studies. Discrepancies were resolved by all authors through discussion to reach consensus. The following variables were extracted from each study: first author, publication year, EGFR mutation status, trial name, lines of therapy, EGFR-TKI intervention drug, control treatment plan, total number of patients, median age (years), median follow-up time (months), overall HR with 95% CI, HR with 95% CI according to patient sex, and HR with 95% CI according to smoking status. When duplicate publications were identified from one trial, we included only the most complete report.

The methodological quality of the included studies was assessed using the five-point Jadad score (14), which judges manuscripts according to the descriptions of randomization, blinding and withdrawals and dropouts. The details are as follows: whether randomized or not; whether randomization was described or not; whether double-blinded or not; whether blinding was described or not; and whether withdrawals and dropouts were described or not. For each of the above questions, if the answer is yes, the study gets 1 point; if the answer is no, the study gets 0 points. The quality scale ranges from 0 to 5 points for each controlled trial. A score of 2 or less indicates a low-quality study, while a score of 3–5 indicates a high-quality study.



Data Analysis

The HRs and 95% CIs were extracted from each study according to the classification of overall HR, HR in male patients, HR in female patients, HR in never smokers and HR in ever (former and/or current) smokers. For the overall HRs, we used the random effects model to calculate the pooled HR directly. For the HRs classified by sex and smoking status, we first calculated the interaction HRs and 95% CIs for each study and thereafter obtained the pooled HR using the random effects model. The heterogeneity between studies was identified using the Q-test and quantified using I2-values (11, 12). Potential publication bias was evaluated using the Egger and Begg test. To assess the differences between males and females or never smokers and ever smokers, we performed calculations using log HR to evaluate whether the variations differed from the null hypothesis by using the χ2-test (11, 12).

We performed subgroup analyses to further explore the variation of the effect of sex and smoking status on EGFR-TKI therapy efficacy. We only considered subgroups that included no less than two studies. The subgroups were EGFR status (unknown, wild-type, and mutation), lines of therapy (>1 and 1), EGFR-TKI intervention (gefitinib, erlotinib, and others), and control treatment (placebo, chemotherapy and others).

We performed all data analyses using Stata 14.0 (StataCorp LP, USA). All reported P-values are 2-sided, and a P-value of 0.05 indicated statistical significance. An HR < 1 indicated that EGFR-TKI efficacy was better than non-EGFR-TKI efficacy, EGFR-TKI efficacy in females was better than in males, and EGFR-TKI efficacy in never smokers was better than in ever smokers.




RESULTS


Literature Search

By searching our search terms in the database, we obtained 531 potential publications. A total of 136 records were excluded because of duplicated titles. By reviewing the abstract and full text, 375 records were further excluded according to our inclusion and exclusion criteria. Therefore, 20 publications were selected. In addition, by reviewing the references from these 20 selected studies, we found an additional 2 studies that were also in line with our inclusion criteria. Ultimately, 22 studies (15–36) were included in this meta-analysis (Figure 1).


[image: Figure 1]
FIGURE 1. Flow diagram of the study selection.




Characteristics of the Identified Studies

We assessed the quality of the 22 studies by the Jadad score. The mean score was 3.64 (ranging from 3 to 5), and no study received a low-quality score (scored 2 or less), indicating that these included studies possessed high methodological quality. The Jadad scores for each study are listed in the Supplementary Table S1 in the Supplementary Material).

As shown in Table 1, for the 22 included studies, 3 involved patients with wild-type EGFR, and 5 involved patients with EGFR mutations, and the other 14 studies did not consider EGFR mutations in patients, which we defined as EGFR unknown. Eight of 22 studies were for first-line treatment, and 14 of 22 studies were for second-line or beyond treatments. Compared with placebo or standard chemotherapy, the EGFR-TKI interventions included gefitinib, erlotinib, dacomitinib, afatinib, and icotinib. In total, 11,874 patients were involved in these included trials.


Table 1. Main characteristics and results of the 22 studies included in the meta-analysis.

[image: Table 1]

In particular, Ellis et al. (28) did not report the HR for sex, and Kelly et al. (23) and Karachaliou et al. (31) did not report the HRs for smoking status that we needed. Lee et al. (21) Gregorc et al. (29) and Karachaliou et al. (31) reported the interaction HR of sex (female vs. male) in their subgroup analysis. Additionally, Lee et al. (21) and Gregorc et al. (29) reported the interaction HR of smoking status (never vs. ever smokers) in their subgroup analysis. For these interaction HRs with 95% CIs, we extracted and applied them in our meta-analysis directly (Table 1).



Primary Analysis

According to the pooled result of overall HRs, we found that the therapeutic effect of EGFR-TKI intervention was better than that of the control treatment (pooled HR 0.94, 95% CI 0.89–1.00, P = 0.05) in NSCLC (Figure S1 in the Supplementary Material). When pooling the interaction HRs of sex, the results showed no statistically significant efficacy difference in EGFR-TKI intervention between females and males (pooled HR 0.95, 95% CI 0.87–1.04, P = 0.30) (Figure 2). Similarly, based on the pooled interaction HR of smoking status, there was also no statistically significant efficacy difference in EGFR-TKI intervention between never smokers and ever smokers (pooled HR 0.91, 95% CI 0.76–1.09, P = 0.31) (Figure 3).


[image: Figure 2]
FIGURE 2. Forest plot of the pooled analysis of the interaction hazard ratios of sex.
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FIGURE 3. Forest plot of the pooled analysis of the interaction hazard ratios of smoking status.




Heterogeneity and Publication Bias

Statistically significant interstudy heterogeneity was identified among both overall HRs (I-squared = 38.4%, P = 0.04) and smoking status interaction HRs (I-squared = 58.6%, P < 0.01) but not in sex interaction HRs (I-squared = 0.00%, P = 0.74) (Figure S1 in the Supplementary Material, Figures 2, 3). Both Egger and Begg tests indicated no evidence of publication bias.



Subgroup Analysis

We further performed subgroup analyses according to EGFR status (unknown, wild-type, and mutation), lines of therapy (>1 and 1), EGFR-TKI intervention (gefitinib, erlotinib, and others), and control treatment (placebo, chemotherapy, and others). According to the pooled interaction HRs of sex, we found a statistically significant OS advantage for females compared with males only for the EGFR-TKI intervention compared with the control placebo treatment (pooled HR 0.86, 95% CI 0.75–1.00, P = 0.04), while the other groups showed no statistically significant difference (Table 2). Furthermore, as shown in Table 3, no statistically significant difference was determined in any of the subgroups according to the pooled interaction HRs of smoking status.


Table 2. Differences in efficacy of EGFR-TKI therapy in females and males by subgroup.
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Table 3. Differences in efficacy of EGFR-TKI therapy according to smoking status by subgroup.
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DISCUSSION

OS and PFS are the main endpoints in clinical trials of cancer. It is well-known that PFS is not in line with OS in many cases, (37) and in such cases, cancer patients may not obtain benefit from OS even though they have an improved PFS. To reduce time, save costs, and improve drug development efficiency, an increasing number of cancer clinical trials have set the research endpoint to PFS. However, compared with PFS, OS is simple, reliable, straightforward, clear, and accurate in the evaluation of the endpoint of cancer patients. Therefore, more attention should be paid to OS. In our current study, we studied the impact of sex and smoking status on the efficacy of EGFR-TKI therapy in terms of OS in NSCLC patients and obtained meaningful findings.

We first demonstrated the advantage in OS for NSCLC patients who received EGFR-TKI intervention compared with other systemic therapies. Thereafter, we found no significant OS differences for EGFR-TKI intervention between the sexes and smoking status compared with other systemic therapies. Finally, in the subgroup analyses, when compared with placebo, we demonstrated that female NSCLC patients who received EGFR-TKI therapy had a longer OS than males. However, smoking status showed no significant effect on the efficacy of EGFR-TKI treatment in terms of the OS of NSCLC patients in all of our subgroup analyses.

In recent years, significant sex-based differences in biology, epidemiology and treatment responses have become evident (38). There are sex-related differences in the clinicopathological characteristics of NSCLC patients, and female sex is a separate advantage survival prognostic factor (4). Consistently, after adjustments for other prognostic factors, males with NSCLC have a poorer prognosis than females (39). As NSCLC is considered a sex-related disease, further investigation is warranted to advance the treatment of NSCLC patients.

In a previous meta-analysis conducted by Lee et al. (40), EGFR-TKI treatment significantly prolonged PFS for female compared with male NSCLC patients with EGFR mutations. Afterwards, another meta-analysis also performed by Lee et al. (41) further concluded that, there was no difference in OS between EGFR-TKI and chemotherapy, as well as no difference in OS between female and male EGFR mutation-positive NSCLC patients. However, in our current study, we found that NSCLC patients who received EGFR-TKI intervention had longer OS than those who received other systemic therapies, although no significant OS differences for EGFR-TKI intervention were found between the sexes. In the subgroup analysis of the placebo control group, we demonstrated that female NSCLC patients who received EGFR-TKI therapy had a longer OS than males.

For the studies on chemotherapy in patients with NSCLC, Wakelee et al. (42) reported that women had a 1.9-month statistically significant improvement in OS compared with men. Wheatley-Price et al. (43) also concluded that females had a higher response rate to chemotherapy and a longer OS than males. For our current study, when the control group was treated with chemotherapy, it significantly biased our judgment of the difference in efficacy of EGFR-TKI between the sexes. When we removed the interference of chemotherapy and other factors in the subgroup analysis and compared EGFR-TKIs with the standard placebo, we found that the efficacy of EGFR-TKIs in female patients was significantly better than that in male patients. These results indicate that there is indeed a sex difference in the efficacy of EGFR-TKIs in patients with NSCLC.

It is well-known that tobacco smoking is an important cause of the development and progression of NSCLC. The incidence of EGFR mutations in NSCLC differs according to smoking history (44). EGFR mutations are highly prevalent in never smokers with NSCLC (45). Current smoking is an independent poor prognostic factor for survival for advanced non-squamous NSCLC patients without EGFR mutations who undergo pemetrexed continuation maintenance therapy (46). In addition, according to a recently reported large population-based study, NSCLC in never smokers was found to be clinically different from smoking-associated NSCLC, and the study also concluded that the OS in never-smokers was longer than that in smokers (47).

The impact of smoking status on the efficacy of EGFR-TKIs in terms of PFS in NSCLC is contradictory according to previous meta-analyses (9, 10, 40). For the meta-analyses that studied OS, Sohn et al. (48) reported that, compared with chemotherapy or placebo, receiving EGFR-TKI therapy appeared to show longer OS among patients with NSCLC for never smokers than that seen in ever smokers. In contrast, Lee et al. (41) found no difference in OS according to smoking status for NSCLC patients who underwent EGFR-TKI treatment compared with chemotherapy. We consider this contradictory phenomenon to be due to the different inclusion criteria and the different number of included studies. However, in our current study, we found no significant OS differences for EGFR-TKI intervention compared with other systemic therapies between different smoking statuses in NSCLC patients, and further subgroup analyses also showed that smoking status had no significant effect on the efficacy of EGFR-TKI treatment.

In summary, since sex and smoking status are the two main clinical features of lung cancer, our current research has important guiding significance for the clinical treatment of lung cancer. Our results suggest that we do not need to worry that smoking status will affect the efficacy of EGFR-TKIs and that EGFR-TKIs will have better efficacy in female patients than in male patients. However, on the other hand, the efficacy of EGFR-TKIs in male patients is not so ideal, indicating that more treatment options for male lung cancer patients need to be further developed in the future.

Our current study has several limitations. First, as a meta-analysis, it relies on published results rather than the individual data of patients. Second, those excluded studies that lack published sex and smoking status subgroup analysis data may also contain potential differences. Finally, aside from sex and smoking status, differences in OS outcomes may be influenced by other non-pharmacological factors.



CONCLUSIONS

Two main conclusions can be drawn from our current meta-analysis. The first is that the efficacy of EGFR-TKI therapy for NSCLC patients is sex-dependent, and females have a longer OS advantage than males. The second point is that smoking status has no effect on the efficacy of EGFR-TKI therapy in terms of the OS of NSCLC patients.
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Non-small cell lung cancer (NSCLC) is the predominant subtype of lung cancers. KRAS mutation is the second most prevalent mutation in NSCLC. KRAS mutant cancer cells suppress the anti-tumor T cell response. However, the underlying mechanism is still unknown. Here, we analyzed the differential expression of acetyl-CoA acyltransferase 1 (ACAA1) in various types of cancers using the TIMER database and validated the results in the NSCLC cell line H1944. We silenced oncogenic KRAS by siRNA targeting KRASG13D, and employed an MAPK signaling pathway inhibitor to clarify the possible regulatory pathway. Moreover, we analyzed the correlation of ACAA1 expression level with B cells, CD4+ T cells, CD8+ T cells, neutrophils, macrophages, and dendritic cells. Correlations between expression of ACAA1 and several biomarkers of mutation burden were also tested. Finally, we evaluated the prognostic value of ACAA1 in a wide range of cancers using the Kaplan-Meier Plotter Database. We found lower expression of ACAA1 in tumor tissue than in adjacent normal tissue in various cancers. This result was confirmed using a GEO dataset. Knock-down of mutant KRAS resulted in increased ACAA1 mRNA level in H1944 cells. ACAA1 mRNA level was significantly upregulated in H1944 after treatment with MAPK pathway inhibitor sorafenib, indicating that oncogenic KRAS may downregulate ACAA1 through MAPK signaling. ACAA1 was negatively correlated with biomarkers of tumor mutation burden, including BRCA1, ATM, ATR, CDK1, PMS2, MSH2, and MDH6. Conversely, ACAA1 expression was positively correlated with infiltrating CD4+ cells and with Th1, Th2, Treg cells in the lung tumor microenvironment. Finally, we showed that ACAA1 is a predictive factor for survival in several cancer types. In summary, decreased ACAA1 expression is correlated with poor prognosis and decreases immune infiltration of CD4+ T cells in LUAD and LUSC. ACAA1 also predicts T cell exhaustion in LUSC. The mechanism underlying KRAS/ACAA1 axis-mediated regulation of immune cell infiltration requires further investigation.
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Introduction

Lung cancer is the second leading malignancy for new cases and the first for mortality among all types of malignancies (1). Non-small cell lung cancer (NSCLC), which included lung adenocarcinoma (LUAD) and lung squamous cancer (LUSC), is the predominant subtype of lung cancer. KRAS mutation is the second prevalent mutation in NSCLC (2). Cancer cells with KRAS mutations can avoid being attacked by the immune system, facilitating immune evasion or immunosuppression phenotypes of the tumor. Immunosuppression is a basic requirement for transforming cell survival and cancer development. There are several potential mechanisms by which KRAS mutant cancer cells may suppress the anti-tumor T cell response. Among these, the ability of KRAS mutant cells to convert CD4+ Th cells into functional Tregs is crucial to inhibit T cell activation and promote a tolerogenic microenvironment (3). Another mechanism includes secretion of suppressive cytokines IL10 and TGFβ1 through MAPK signaling pathway (4), leading to T cell dysfunction. However, the precise mechanisms by which oncogenic KRAS induces immunosuppressive tumor microenvironment remain elusive.

By increasing the mutation burden of tumor cells, oncogenic KRAS also induces the production of a large number of neoantigens that may be recognized by CD8+ and CD4+ T cells. Specific anti-tumor T lymphocyte response can be induced after transferring KRAS mutant epitopes to adaptive T cells previously attacked (5). Tumor mutation burden is a prognostic factor for survival in a wide range of cancers (6), as well as a predictive factor for efficacy of PD-1/PD-L1 blockade immunotherapy (7).

MAPK signaling pathway is a key regulator of PD-L1 expression in lung adenocarcinoma (8). Activation of the MAPK pathway increases the expression of PD-L1 at both the mRNA and protein level, while repression of this pathway down-regulates PD-L1. Similar results were also observed in breast cancer. A preclinical study showed that combination of MAPK and PD-1 inhibitors leads to better efficacy in various types of cancers (9). Tumor cell and immune cell interaction is also regulated by MAPK pathway. In fact, MEK inhibition increases CD8+ T cell infiltration within the tumor, while combination of MEK and PD-1 inhibitors synergistically promotes tumor regression (10).

We noted that oncogenic KRAS suppresses the expression of acetyl-CoA acyltransferase 1 (ACAA1) via the MAPK signaling pathway. ACAA1 is an enzyme involved in lipid β-oxidation and provides substrates to the tricarboxylic acid (TCA) cycle, a critical step in cellular metabolism. ACAA1 is also a biomarker in type 2 diabetes (T2D), predicting the pre-diabetic metabolic signature in mouse models (11). Nwosu et al. observed that up-regulated activity of MAPK/RAS/NFκB signaling in liver cancer was associated with poor survival and identified 148 down-regulated metabolic genes regulated by the MAPK signaling pathway. These differential genes, including ACAA1, were enriched in fatty acid β-oxidation. Metabolomic studies also showed a high dependence of the tumor cells on glutamine to promote the TCA cycle (12).

Based on these scientific findings, we were motivated to analyze the potential role of ACAA1 in KRAS-mutant NSCLC and elucidate the correlation of ACAA1 with the immunosuppressive phenotype in the tumor microenvironment.



Materials and Methods


TIMER Database Analysis

TIMER is a comprehensive resource for systematic analysis of immune infiltrates across diverse cancer types (https://cistrome.shinyapps.io/timer/) (13). TIMER applies a deconvolution with a previously published statistical method to infer the abundance of tumor-infiltrating immune cells (TIICs) from gene expression profiles. The TIMER database includes 10,897 samples across 32 cancer types from The Cancer Genome Atlas (TCGA) to estimate the abundance of immune infiltrates. First, we analyzed differential expression of ACAA1 in pan cancer. We aimed to exclude confounding factors, such as ACAA1 expression in tumor stromal cells or immune cells. We excluded the cancer types that had no statistical significance and employed those showing statistical significance for downstream analysis. Second, we analyzed the correlation of ACAA1 expression with the abundance of immune infiltrating cells, including B cells, CD4+ T cells, CD8+ T cells, neutrophils, macrophages, and dendritic cells. Third, correlations between ACAA1 expression and markers of different T cell subsets, including Th1 cells (TBX21, STAT4, STAT1, IFN-γ, TNF-α), Th2 cells (GATA3, STAT6, STAT5A, IL13), Th17 cells (STAT3, IL17A), and Treg cells (FOXP3, CCR8, STST5B, TGFB1). T cell exhaustion markers, including PDCD1, CTLA4, LAG3, TIM-3, GZMB, were also analyzed (14). The correlation module generated the expression scatter plots between a pair of user-defined genes in given cancer types, together with the estimated statistical significance. ACAA1 was used for the x-axis with gene symbols; related marker genes are represented on the y-axis as gene symbols. The gene expression level was displayed with log2 RSEM. P value Spearman’s correlation coefficient was calculated automatically by the server.



GEPIA Database Analysis

To verify the relationship between KRAS and ACAA1, we searched the expression correlation in GEPIA (15), an interactive web that includes 9,736 tumors and 8,587 normal samples from TCGA and the GTEx projects, which analyzes RNA expression. Gene expression correlation analysis was performed for given sets of TCGA expression data. We analyzed the expression pattern of ACAA1 and KRAS to identify the co-expression of several biomarkers indicating tumor mutation burden, including BRCA1, ATM, ATR, CDK1, PMS2, MLH1, MSH2, and MDH6. The Spearman method was used to determine the correlation coefficient.



Cell Line and siRNA Transfection

Lung adenocarcinoma cell line H1944 was used to determine the regulation of ACAA1 expression. H1944 cells harbor KRAS mutation G13D. SiRNAs targeting KRASG13D (5’ GGAGGGCUUUCUUUGUGUA 3’, 5’ UCAAAGACAAAGUGUGUAA 3’), were transfected into H1944 cells using Lipofectamine 3000. One day before transfection, 25,000 cells were seeded in 24-well plates. On the day of transfection, 40 nM siRNA was diluted into 25 µl of Opti-mem, while 0.75 µl of lipofectamine was diluted in a final volume of 25 µl of Opti-mem. SiRNA and lipofectamine were mixed and allowed to react at room temperature for 10 min. After replacing complete medium with Opti-mem in each well, the total 50 µl siRNA-lipo complex was added to the wells. Twelve hours after transfection, Opti-mem medium was replaced with complete medium. Forty-eight hours after transfection, the cells were harvested, and total RNA and total proteins were extracted and used for the relevant experiments.



MAPK Pathway Inhibition

To identify upstream regulatory pathways of ACAA1, H1944 cells were treated with the MAPK-ERK pathway inhibitor sorafenib. One day before treatment, 500,000 cells were seeded in 6-well plates. On the day of treatment, 5 µM or 10 µM of pathway inhibitor were added to the wells. The cells were collected at different timepoints (6, 12, 24, and 48 h) after treatment, and total RNA and protein were extracted using Trizol or NP40 cell lysis buffer. Subsequently, the RNA was used for q-PCR analysis.



Kaplan-Meier Plotter Database Analysis

Kaplan-Meier plotter analyzes the correlation of RNA-seq data in over 20 cancer types with overall survival (OS) and progression-free survival (PFS) in 7,489 patients (https://kmplot.com/analysis/index.php?p=service&cancer=pancancer_rnaseq). The database is an online server indicating prognostic biomarkers in pan cancer. We searched the target gene ACAA1 in the server to identify in which types of cancer ACAA1 potentially shows prognostic value. The gene expression level cutoff was defined as 50% of RFKM, above which the expression was defined high, and conversely low. P value was calculated automatically by the server.



Statistical Analysis

Survival curves were generated by the Kaplan-Meier plots displayed with HR and P or Cox P-values from a log-rank test. The correlation of gene expression was evaluated by Spearman’s correlation and statistical significance. P-values <0.05 were considered statistically significant.




Results


Expression of ACAA1 Is Lower in Tumor Tissues Than in Adjacent Normal Tissue in Various Types of Cancer

First, we aimed at elucidating whether ACAA1 had different expression patterns in tumor tissue and paired adjacent normal tissue. We included all cancer types and performed the analysis in the TIMER database (Figure 1A). ACAA1 expression was significantly down-regulated in 15 types of cancers (CHOL, COAD, ESCA, HNSC, KICH, KIRC, KIRP, LIHC, LUAD, LUSC, READ, SKCM, STAD, THCA, UCEC), and up-regulated in only one type of cancer, PRAD. As our research interest is focused on lung cancer, we re-analyzed ACAA1 expression in tumor tissue and adjacent normal tissue using a GEO dataset (GSD 3837) (16). ACAA1 showed lower mRNA levels in tumor tissues than in paired adjacent normal tissues (Figure 1B). Thus, the expression pattern indicated that ACAA1 acts as a tumor suppressor in most types of cancers. (abbreviations: CHOL: Cholangiocarcinoma; COAD: colon adenocarcinoma ESCA: Esophageal Squamous Cell Carcinoma HNSC: Head-neck squamous cell carcinoma KICH: Kidney chromophobe KIRC: Kidney renal clear cell carcinoma KIRP: Kidney renal papillary cell carcinoma LIHC: Liver hepatocellular carcinoma LUAD: Lung adenocarcinoma LUSC: Lung squamous cell carcinoma READ: Rectum adenocarcinoma SKCM: skin cutaneous melanoma STAD: Stomach adenocarcinoma THCA: Thyroid carcinoma)




Figure 1 | (A) ACAA1 expression is down-regulated in 15 types of cancer (CHOL, COAD, ESCA, HNSC, KICH, KIRC, KIRP, LIHC, LUAD, LUSC, READ, SKCM, STAD, THCA, UCEC). (B) The mRNA levels of ACAA1 are lower in tumor tissues than paired adjacent normal tissues (GSD 3837). (C) ACAA1 expression is negatively correlated with oncogenic KRAS. (D) Knock-down of mutant KRAS in H1944 cells results in increased ACAA1 mRNA level. (E) ACAA1 mRNA level is significantly upregulated in H1944 after sorafenib treatment. *p < 0.05.



To analyze how oncogenic KRAS regulates ACAA1 expression and the related upstream signaling pathway, we used lung adenocarcinoma cell line H1944, which harbors KRASG13D mutation. We knocked down KRASG13D by siRNA and tested knockdown efficiency using q-PCR (supplementary Figure 1A). Knock-down of mutant KRAS resulted in increased ACAA1 mRNA levels (Figure 1D). Next, we inhibited downstream pathways of KRAS. After treatment with MAPK inhibitor, ACAA1 mRNA was significantly upregulated (Figure 1E). Based on these findings, we propose that ACAA1 is downregulated by oncogenic KRAS through the MAPK signaling pathway. We also confirmed the expression correlation of ACAA1 and KRAS using the GEPIA database. In LUAD and LUSC, ACAA1 expression was negatively correlated with oncogenic KRAS (Figure 1C).



ACAA1 Is Negatively Correlated With Tumor Mutation Burden in Lung Cancer

KRAS mutation is the second most prevalent mutation in lung cancer, and we observed that KRAS regulated the mRNA of ACAA1. We focused on these LUAD and LUSC in the downstream analysis. Tumor mutation burden is widely used as a biomarker for predicting efficacy of immune checkpoint blockade (17). We therefore analyzed the correlation of ACAA1 expression and biomarkers of tumor burden mutation (Figure 2). We found that ACAA1 was negatively correlated to BRCA1, ATM, ATR, CDK1, PMS2, MSH2, and MDH6, with statistically significant differences. BRCA1, ATM, ATR, and CDK1 are involved in DNA damage response (DDR) pathway. BRCA1 and CDK1 are the key signaling components of ATM and ATR protein kinases. Four mismatch-excision repair (MMR)-related genes, PMS2, MLH1, MSH2, and MDH6 were also tested. Except for MLH1, the other three biomarkers were negatively correlated to ACAA1. Together, these findings indicate that ACAA1 might function in maintaining DNA stability and DDR. As lung cancers harboring KRAS mutation have high response rate to PD-1/PD-L1 blockade, KRAS mutation might be a potential driver of DNA instability and DNA damage repair defects, thereby leading to the production of more neoantigens. ACAA1 might be a mediator in this process, through altering intracellular nutrients and metabolic signature.




Figure 2 | (A, C) In lung adenocarcinoma (LUAD), ACAA1 is correlated with BRCA1 (r= -0.33, p=2.4e-15), ATM (r= -0.0056, p=0.9), ATR (r= -0.1, p=0.015), CDK1 (r= -0.45, p=5.5e-29), PMS2 (r= -0.12, p=0.0059), MLH1 (r= 0.37, p=1.3e-18), MSH2 (r= -0.33, p=2.2e-15), and MDH6 (r= -0.31, p=1.6e-13). (B, D) In lung squamous carcinoma (LUSC), ACAA1 is correlated with BRCA1 (r= -0.25 p=4.4e-9), ATM(r= 0.12, p=0.0058), ATR (r= -0.0024, p=0.96), CDK1 (r= -0.36, p=7e-18), PMS2 (r= -0.2, p=3e-6), MLH1 (r= 0.4, p=1.5e-21), MSH2 (r= -0.23, p=4.4e-8), and MDH6 (r= -0.26, p=7.7e-11).





ACAA1 Expression Is Positively Correlated With CD4+ Cell Infiltration

Next, we investigated whether ACAA1 expression was correlated to infiltration of immune cell in the tumor microenvironment, including B cells, CD8+ and CD4+ T cells, macrophages, neutrophils, and dendritic cells (Figure 3A). We found that CD4+ T cells were positively correlated to ACAA1 expression in LUAD and LUSC, a correlation which showed statistical significance (r=0.2, p=9.44e-06, and r=0.318, p=1.36e-12 in LUAD and LUSC, respectively). Based on this, we propose that LUAD and LUSC harboring KRAS mutation probably recruit less CD4+ T cells by suppressing ACAA1 expression, providing tumors with an immunosuppressive microenvironment. The insufficient number of CD4+ T cells in the tumor microenvironment might be due to the decrease of either T cell infiltration or polarization of CD4+ cells.




Figure 3 | (A) ACAA1 is positively correlated with CD4+ T cell in lung adenocarcinoma (LUAD) and lung squamous cancer (LUSC) with statistical significance (r=0.2, p=9.44e-06 in LUAD; and r=0.318, p=1.36e-12 in LUSC). (B). Copy number variation of ACAA1 negatively correlates with CD4+ cells both in LUAD and in LUSC. *p < 0.05, **p < 0.01, ***p < 0.001.



The TIMER database also provides a comparison of tumor infiltration levels among tumors with different somatic copy number alterations for a given gene. We confirmed that ACAA1 functionally recruited the immune cells using this feature of the database. As shown in Figure 3B, copy number variation of ACAA1 was negatively correlated to CD4+ cells both in LUAD and in LUSC. Although we do not know whether copy number alternation of ACAA1 leads to its gain or loss of function, this result partially demonstrates that ACAA1 influences immune cells infiltration in a direct or indirect manner. Taken together, the two above results show that ACAA1 was positively correlated to T cell polarization. Reduced expression of ACAA1 in the tumor cells also indicates lower level of mature T cells in tumor stroma.



ACAA1 Is Positively Correlated With Th1, Th2, and Treg Cells in the Tumor Microenvironment of Lung Cancer

Further, we analyzed whether ACAA1 expression was closely related to Th1, Th2, Th17, and Treg cells by examining the expression of biomarkers from these cells. Functionally, Th1 cells facilitate differentiation of CD8+ cells to toxic T cells. Th2 and Th17 cells are instead negative regulators of Th1 cells. Treg cells have dual function in cancer immunology (18). These cells enable immunosuppressive cancer phenotypes by inhibiting T cell proliferation (19). FOXP3+ Treg is thought to promote tumor growth and metastasis by inhibiting anti-tumor immunity, and Treg accumulation in cancer is usually related to poor prognosis (20). We found that ACAA1 expression was positively correlated with TBX2, STAT4, and TNF-α, but negatively correlated with STAT1 and IFNG in LUAD, with similar expression correlation in LUSC (Figure 4A). As TBX2 is the main marker of Th1 cells, these results indicate a positive relationship between ACAA1 and Th1 cell infiltration in the tumor stroma. Among the Th2 cell markers (Figure 4B), in LUAD, ACAA1 was positively correlated to STAT6, while in LUSC, it was correlated with all Th2 cell markers, including GATA3, STAT6, STAT5A, and IL-13. STAT6 promotes naïve T cell differentiation to Th2 cells. Thus, a decrease in STAT6 in the tumor stroma results in decreased Th2 cells. ACAA1 expression levels also positively correlated with Treg cell markers (Figure 4C), with the best correlation in TGFB1, the major cytokine promoting T cell differentiation to Treg cells. Reduction of TGFB1 inhibits Treg cells in the tumor microenvironment. However, we found no significant correlation of ACAA1 to Th17 cells (Supplementary Figure 1B).




Figure 4 | ACAA1 expression levels also positively correlate with (A) Th1 cell markers (B) Th2 cell markers (C) Treg cell markers (D). ACAA1 is a biomarker of T cell exhaustion in lung squamous cancer (LUSC).




ACAA1 Is a Biomarker of T Cell Exhaustion in LUSC

The results presented above indicate that CD4+ T cell infiltration correlated with ACAA1, and most subsets of CD4+ cells were reduced in the tumor stroma. Subsequently, we analyzed the biomarkers indicating T cell exhaustion, to clarify the relationship between ACAA1 and this dysfunction state. We plotted the correlation of ACAA1 expression and stromal biomarkers of T cell exhaustion, including PD-1 (PDCD1), CTLA4, LAG3, HAVCR2, and GZMB. Expression of ACAA1 correlated positively with HAVCR2 and GZMB, and negatively with LAG3, showing statistical significance in LUAD (Figure 4D). In LUSC, ACAA1 expression was positively correlated to that of PD-1(PDCD1), CTLA4, LAG3, HAVCR2, and GZMB, with statistical significance. PDCD1 is an important biomarker of T cell exhaustion (21). Up-regulated PD-1 on T cells inhibits T cell differentiation to effector T cells and promotes T cell apoptosis. A previous study showed that oncogenic KRAS increases tumor PD-L1 expression and promotes CD8+ cells infiltration to the tumor stroma (22). In our study, we did not observe that KRAS mutation increased PD-L1 expression (Supplementary Figure 1C), nor a solid correlation of ACAA1 with PD-L1 expression in cancer cells using GEPIA (TCGA datasets) (Supplementary Figure 1D). More studies are needed to confirm their co-expression pattern. Nevertheless, ACAA1 seems to have different roles in LUSC and LUAD. In fact, in LUAD, ACAA1 did not show a consistent co-expression pattern with T cell exhaustion markers.



ACAA1 Is a Predictive Factor of Survival in a Wide Range of Cancer Types

ACAA1 was associated with immune cells infiltration and T cell polarization. Lastly, we investigated whether ACAA1 was a predictive factor of OS (Figure 5A–M) and PFS (Supplementary Figures 2 and 3). To this aim, we searched the survival data on Kaplan-Meier Plotter Database, which automatically generated the survival plots. ACAA1 significantly correlated with 13 out of 20 types of cancer, including bladder cancer, breast cancer, head-neck cancer, kidney renal cancer, kidney papillary cancer, liver cancer (hepatocyte carcinoma), lung cancer (lung adenocarcinoma), pheochromocytoma and paraganglioma, sarcoma, thymoma, thyroid carcinoma, uterine corpus endometrial carcinoma, and rectum adenocarcinoma. Cancers with higher ACAA1 expression level displayed higher overall survival, while those with reduced ACAA1 expression had worst outcomes. Collectively, these findings suggest that ACAA1 acts as a tumor suppressor in many types of cancers, possibly by altering the nutrient configuration and immune suppression.




Figure 5 | ACAA1 is a predictive factor for survival in a wide range of cancer types. (A) Bladder cancer. (B) Breast cancer. (C) Head-neck cancer. (D) Kidney renal cancer. (E) Kidney papillary cancer. (F) Liver cancer. (G) Lung cancer. (H) Pheochromocytoma and Paraganglioma. (I) Sarcoma (J) Thymoma. (K)Thyroid carcinoma. (L) Uterine corpus endometrial carcinoma. (M) Rectum adenocarcinoma.







Discussion

Recent studies indicated that NSCLC harboring KRAS mutation show higher clinical response rate to and efficacy of PD-1/PD-L1 blockade (22, 23). However, the potential underlying mechanisms are still obscure. Our study suggests that oncogenic KRAS suppresses ACAA1 expression through MAPK signaling pathway. We found that ACAA1 positively correlates with CD4+ cell infiltration and T cell exhaustion. Moreover, reduced ACAA1 expression is associated with lower overall survival in various types of cancer, indicating that ACAA1 acts as a tumor suppressor in a wide range of malignancies. Oncogenic KRAS enhances immune checkpoint inhibitor efficacy by providing an inflammatory tumor microenvironment (24). Additionally, oncogenic KRAS also increases tumor PD-L1 expression and promotes CD8+ cells infiltration into the tumor stroma (22). Moreover, NSCLC harboring KRAS mutation present a higher tumor mutation burden, leading to tumor immunogenicity. Here, we found that ACAA1 was positively correlated with CD4+ cell infiltration. Copy number variation of ACAA1 also pointed to lower abundance of CD4+ in the tumor microenvironment. Although the impact of ACAA1 mutation on cancer has not been thoroughly investigated yet, these results partially demonstrate that ACAA1 functionally recruits immune cells to the tumor microenvironment.

The mean TMB and the proportion of patients with a TMB >10 or >20 mut/Mb is significantly higher for KRAS-mutated patients (10.3 mut/Mb) than for EGFR, ALK, ROS1 or MET exon 14-mutated patients (3.1 to 6.2 mut/Mb) (25). The higher mutation burden of KRAS mutant lung cancer may be due to the higher proportion of smokers among the patients presenting this type of cancer (26). However, whether the occurring KRAS mutation simply coincides with other genetic mutations or is the direct cause of the downstream DNA instability remains unknown. One potential mechanism by which oncogenic KRAS could regulate tumor mutation burden is via promoting fatty acid accumulation in tumor cells (27). A former study showed that oncogenic KRAS induces fatty acid synthase (FASN) to enhance lipogenesis with a specific lipid signature in lung adenocarcinoma (28). KRAS also activates ERK2 protein by upregulating ERK1. Consistently, FASN inhibition blocks cellular proliferation of KRAS-driven lung cancer cells. Importantly, saturated fatty acids play a negative role in DDR by compromising the induction of p21 and Bax expression in response to double-strand breaks and ssDNA. Moreover, saturated fatty acids appear to regulate p21 and Bax expression via Atr-p53-dependent and -independent pathways (28). ACAA1 transfers acetyl-CoA to fatty acids and provides substrates to the TCA cycle. Therefore, downregulated ACAA1 expression may result in accumulation of fatty acids in cancer cells, consequently leading to DNA instability.

Nonetheless, how ACAA1 mediates immune cell infiltration, as well as whether this phenomenon is causally related to ACAA1 expression or just coincidental, was still unknown. If there were a causal relationship, an appropriate explanation to it would be that metabolic shifts in tumor cells might alter the nutrient configuration in tumor stroma. Tumor cells and immune cells interact with each other through microenvironmental nutrient competition (29–31). Cancer cells utilize glycolysis as their predominant energy source, a biological phenomenon called “Warburg effect”. Nutrient competition between cancer cells and immune cells extends the function of Warburg effect to a cell-extrinsic advantage. Warburg effect promotes depletion of extracellular glucose in the tumor microenvironment, which renders tumor-infiltrating T cells dysfunctional. Glucose in the tumor stroma is reduced due to the increased glycolysis within tumor cells, which restricts glucose availability to T cells and leads to their dysfunction (32). Tumor cells produce and secrete lactic acid into the tumor microenvironment. In addition to glucose metabolism, amino acid and fatty acid metabolism also change in tumor cells. Importantly, all these metabolites affect T cell polarization. Oxidative phosphorylation (OXPHOS) and fatty acid oxidation (FAO) fuel Treg cells. Memory T cells rely on FAO, while activated Tregs primarily depend on glycolysis and fatty acid synthesis. Nutrient availability in the tumor microenvironment favors different subtypes of T cells (33). ACAA1 was recently also implicated in regulating infiltration of T cell subtypes in the tumor stroma. Yang and colleagues reported that the anti-tumor response of mouse CD8+ T cells can be potentiated by modulating cholesterol metabolism. They found that, in mice, inhibition of acetyl-CoA acetyltransferase 1 (Acat1) in CD8+ T cells restores their antitumor effect and reduces cancer progression and metastasis (34). Following CD8+ T cell activation, the mRNA levels of a subset of genes involved in cholesterol biosynthesis and transport pathways are upregulated, while genes implicated in the cholesterol efflux pathway are downregulated. Acat1 (ACAA1 in our study) mRNA levels are significantly upregulated at early time points, when CD8+ cells are activated. Moreover, inhibitors targeting Acat1 could restore CD8+ cell function, and a combination of PD-1/PD-L1 antibody and Acat1 inhibitor demonstrated greater efficacy than the single agents. Interestingly, Patsoukis and colleagues showed that PD-1 preserves effector T-cell function by inhibiting glycolysis and promoting fatty acid oxidation in CD4+ T cells through carnitine palmitoyltransferase I (CPT1A) (35). Besides predicting the efficacy of PD-1/PD-L1 inhibition, Zhang et al. reported that the ACAA1 expression level was negatively correlated to several inhibitors, including Scr inhibitor (AZD0530), MEK1/2 inhibitor (AZD6244), EGFR inhibitor (Erlotinib), HER inhibitor (Lapatinib), and VEGFR2/3 inhibitor (ZD-6474) (36). Their findings reaffirmed the important role of ACAA1in predicting therapeutic efficacy.

More studies are needed to demonstrate nutrient competition between tumor cells and immune cells. In vitro metabolic analysis can improve our understanding of the metabolic phenotypes specific of tumor cells and immune cells, and how they interact with each other. However, the information provided by in vitro studies may not be generalizable in vivo. The metabolic phenotype of nutrient competition relies on the supply of related fuels, such as glucose, amino acids, and fatty acids, which are certainly present at lower concentrations in vivo than in laboratory culture conditions. The consequence of the limited supply of these fuels in a discrete immune microenvironment in the body is likely a change in metabolic as well as nutrition-sensitive signaling pathways that affect the fate and function of immune cells. The lack of research tools for measuring nutrient distribution at the single-cell level also severely hinders our understanding of when and where nutrients are available in the body. Therefore, elucidating how nutrient supply affects immune cell metabolism and tumor-stroma interactions remains a major challenge in the field of immune metabolism.

The function of ACAA1 is to provide substrates entering the TCA cycle to fuel the cell. Suppression of ACAA1 might therefore lead to reduced activity of this cycle. The TCA cycle is a series of critical reaction used by all aerobic organisms. The main metabolic shift in solid tumors known as Warburg effect refers to the preferable use of glycolysis in cancer cells to gain fuel, instead of the more effective pathway of oxidative phosphorylation (37). By generating and secreting lactate into the tumor microenvironment, tumor cells provide acidic and hypoxic conditions to the tumor stroma and increase the nutritional pressure on effector T cells (38). Consequently, metabolites from tumor cells accumulate in the tumor microenvironment and lead to T cell metabolic switch, resulting in T cell dysfunction and exhaustion (39).



Conclusion

Here, we showed that decreased ACAA1 expression correlates with poor prognosis and decreased immune infiltration of CD4+ T cells in LUAD and LUSC, and predicts T cell exhaustion in LUSC. As ACAA1 catalyzes fatty acid entry into the TCA cycle, we speculate that this phenotype could be due to nutrient competition between cancer cells and immune infiltrates. Nevertheless, clinical cohort is inevitable in validation the predictive power of this marker and the exact mechanism warrants further investigation.
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Supplementary Figure 1 | (A) KRASG13D by knockdown efficiency by siRNA using q-PCR. (B) No significant correlation of ACAA1 to Th17 cells in LUAD and LUSC. (C) KRAS mutation did not increase PD-L1 expression. (D) No solid correlation of ACAA1 with PD-L1 expression in cancer cells using GEPIA database analysis.

Supplementary Figure 2 | ACAA1 was not a predictive factor of PFS. (A) Bladder Carcinoma (B) Breast cancer (C) Cervical squamous cell carcinoma (D) Esophageal Adenocarcinoma (E) Esophageal Squamous Cell Carcinoma (F). Head-neck squamous cell carcinoma (G) Kidney renal clear cell carcinoma (H). Kidney renal papillary cell carcinoma (I). Liver hepatocellular carcinoma (J) Lung adenocarcinoma.

Supplementary Figure 3 | ACAA1 was not a predictive factor of PFS. (A) Lung squamous cell carcinoma (B). Ovarian cancer (C) Pancreatic ductal adenocarcinoma. (D) Pheochromocytoma and Paraganglioma. (E) Rectum adenocarcinoma (F). Sarcoma (G) Stomach adenocarcinoma (H)Testicular Germ Cell Tumor (I).Thyroid carcinoma (J) Uterine corpus endometrial carcinoma.

Supplementary Figure 4 | ACAA1 was not a predictive factor of OS in the following types of cancers. (A) Cervical squamous cell carcinoma (B) Esophageal Adenocarcinoma (C) Esophageal Squamous Cell Carcinoma (D) Ovarian cancer (E). Pancreatic ductal adenocarcinoma (F) Stomach adenocarcinoma (G) Testicular Germ Cell Tumor.
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Purpose: Transforming growth factor-β1 (TGF-β1), a known immune suppressor, plays an important role in tumor progression and overall survival (OS) in many types of cancers. We hypothesized that genetic variations of single nucleotide polymorphisms (SNPs) in the TGF-β1 pathway can predict survival in patients with non-small cell lung cancer (NSCLC) after radiation therapy.

Materials and Methods: Fourteen functional SNPs in the TGF-β1 pathway were measured in 166 patients with NSCLC enrolled in a multi-center clinical trial. Clinical factors, including age, gender, ethnicity, smoking status, stage group, histology, Karnofsky Performance Status, equivalent dose at 2 Gy fractions (EQD2), and the use of chemotherapy, were first tested under the univariate Cox's proportional hazards model. All significant clinical predictors were combined as a group of predictors named “Clinical.” The significant SNPs under the Cox proportional hazards model were combined as a group of predictors named “SNP.” The predictive powers of models using Clinical and Clinical + SNP were compared with the cross-validation concordance index (C-index) of random forest models.

Results: Age, gender, stage group, smoking, histology, and EQD2 were identified as significant clinical predictors: Clinical. Among 14 SNPs, BMP2:rs235756 (HR = 0.63; 95% CI:0.42–0.93; p = 0.022), SMAD9:rs7333607 (HR = 2.79; 95% CI 1.22–6.41; p = 0.015), SMAD3:rs12102171 (HR = 0.68; 95% CI: 0.46–1.00; p = 0.050), and SMAD4: rs12456284 (HR = 0.63; 95% CI: 0.43–0.92; p = 0.016) were identified as powerful predictors of SNP. After adding SNP, the C-index of the model increased from 84.1 to 87.6% at 24 months and from 79.4 to 84.4% at 36 months.

Conclusion: Genetic variations in the TGF-β1 pathway have the potential to improve the prediction accuracy for OS in patients with NSCLC.

Keywords: machine learning, single nuclear polymorphism, overall survival, non-small cell lung cancer, TGF-β1


INTRODUCTION

Lung cancer is the leading cause of cancer death and the second most commonly diagnosed type of cancer in the USA. It was estimated that 235,760 new cases would be diagnosed in 2020, accounting for about 12.5% of all cancers diagnosed, and only 23% of cases are diagnosed at an early stage (1, 2). The 5-year survival rate is only about 22.6% in the USA, though there is already a 13% improvement over the last 5 years for all lung cancers (2, 3). Approximately, 83% of patients with lung cancer are identified with non-small cell cancer (NSCLC) (4), and radiation therapy (RT) is a mainstay local treatment used for all stages of the disease (5). However, the survival benefit of RT to an individual patient varies with the baseline clinical and genetic factors of each patient. Some clinical factors, such as age, stage group, and histology, have a strong correlation with the overall survival (OS) of patients with NSCLC after RT (6). There is a need for an integrated clinical and genetic model for survival prediction.

Recent studies have shown a strong correlation between transforming growth factor- β1 (TGF-β1) and OS in various types of cancer (7). TGF-β1 is a prototype of a multifunctional cytokine and plays an important role in tumor angiogenesis, stroma formation, immune suppression, carcinogenesis, tumor metastasis progression, and prognosis for patients with cancer. Single nucleotide polymorphisms (SNPs) of TGF-β1 have been significant factors for prognosis in colon and pancreatic cancers (8, 9). We hypothesized that functional SNPs of the TGF-β1 pathway genes can regulate the TGF-β1 expression level and function of the downstream pathway genes for tumor progression and the immune system of the host, thus contributing to OS in patients with NSCLC.



MATERIALS AND METHODS


Study Population

This study included 166 patients with inoperable stages I–III NSCLC, enrolled through prospective studies approved by the institutional review board (IRB) of participating centers. All patients signed written informed consent. Patients received definitive thoracic radiotherapy (≥55 Gy EQD2) with or without chemotherapy. All patients were treated with three-dimensional conformal RT techniques as described in previous studies (10, 11). Clinical factors, including total equivalent dose at 2 Gy fractions (EQD2), age, gender, ethnicity, smoking history, histology, stage group, Karnofsky performance score (KPS), and the use of chemotherapy, were collected prospectively.



Selection of SNPs

We selected 14 functional SNPs present in the 11 genes responsible for the TGF-β1 pathways based on the following criteria: (1) tag SNPs in the candidate genes; (2) a minor allele frequency greater than 10%; and (3) previously reported significant findings with correlation with the outcome of RT or chemotherapy or cancer risk.



Sample Collection and Genotyping

The buffy coat was collected from each patient before the commencement of treatment and stored at −80°C. Genomic DNA was extracted from the buffy coat using the Blood Mini Kit of Gentra® Puregene® (Qiagen, Valencia, CA) according to the protocol of the manufacturer. The concentrations of genomic DNA were measured by a Nano Drop 2000c Spectrophotometer (Nano Drop Technologies, Inc., Wilmington, DE). Quantified DNA samples were placed on a matrix-assisted laser desorption/ionization time-of-flight mass spectrometer (Sequenom, Inc., San Diego, CA) according to the protocol of the manufacturer. For pre-genotyping quality control, randomly selected samples were blindly run in duplicate or triplicate. For post-genotyping quality control, low call-rate SNPs that had a call rate of <90% in all samples or the samples that had a call rate of <90% in all SNPs were excluded from further analysis.



Statistical Analysis

The analysis was performed with R (12), and the missing data were imputed with the most frequent values. A power analysis was performed based on the data. The Cox proportional hazards model (13) was used to carry out univariate analysis, and the random survival forest tree (14) was used to carry out multivariate analysis. For discrete clinical factors, the median survival time (MST) with 95% CIs and the 24-month survival time with 95% CIs were calculated. At first, the Cox proportional hazards model was used to estimate the hazard ratio (HR) and 95% confidence interval (CI) of each predictor. The OS and event indicator, used as the output variables, were calculated from the beginning of treatment to the last visit or death. All significant predictors (p < 0.05) selected from clinical factors with the univariate Cox proportional hazards model were combined as a group of predictors named “Clinical.” The independence between SNPs was tested before running a multivariate model. To show the results of the independence test, the linkage disequilibrium (LD) (15) was calculated and plotted. Then, each SNP was tested with the Cox proportional hazards model. The significant SNPs were combined as a group of predictors named “SNP.” Two models, RModel1 and RModel2, were built as random survival forest trees on Clinical and Clinical + SNP, respectively. The justification for using the random survival forest tree instead of the Cox proportional hazards model as the multivariate model was given that: (1) the ensemble structure of the random survival forest tree could avoid the overfitting issue, given the limited number of patients and numerous predictors used in the study; (2) the random survival forest tree could handle both categorical and continuous predictors smoothly; (3) the Cox model assumes that continuous predictor variables have linear relationships with the risk of the event occurring, which is usually not true (16).

The predictive power of RModel1 and RModel2 were estimated and compared in terms of the concordance index (C-index) (17) with a 3-fold cross-validation (18). The 3-fold cross-validation randomly and evenly divided the whole data set into three groups. Then, the random survival forest classifier was trained by using two groups as training data. The trained classifier was tested using the remaining group to get the evaluation metrics. In this way, three evaluation metrics could be achieved using three disparate groups as testing data, and the mean evaluation metrics were used in the evaluation.




RESULTS


Patient Clinical Factors

A total of 166 patients were included in this study. The death probability was 0.51 for the data. The postulated HR was set as 2. The postulated proportions of the sample size allotted to one group were 0.5. Type I error was 0.05, as stated above. The power of 166 patients was 0.7, which is less than the traditional 0.8, but it is still reasonable (19). The median age was 65.7 (64.1, 67.8) years. About 75.3% (68.7, 81.9%) patients received concurrent and adjuvant chemotherapy. The overall MST was 24.5 (19.3, 30.6) months, and the median follow-up time was 22.8 (9.2, 36.3) months. The clinical factors of the patients shown in Table 1, including gender (p = 0.0084), stage group (p = 0.016 for stage group 2 and p = 0.19 for stage group 3), smoking (p = 0.061 for former smokers and p = 0.041 for smokers), histology (p = 0.024 for squamous, p = 0.022 for large cell, and p = 0.0018 for other), age (p = 0.011), and EQD2 (p = 0.00024), were significant. This group of significant clinical factors was defined as Clinical. The favorable factors were female, early-stage group, no smoking, adenocarcinoma, young, and high EQD2, consistent with published studies (20). Ethnicity, the use of chemotherapy, and KPS did not show a significant correlation with survival and were not included in the multivariate analysis.


Table 1. Selected clinical factors of NSCLC patient population.
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The effect of clinical factors in patients with stage III NSCLC was also tested similarly, and the results were similar to that discussed above. Detailed findings were shown in the Supplementary File.



Individual SNPs and OS

The correlation of all SNPs with OS was summarized in Table 2. The genetic model for each SNP followed the previous publication (21). Among them, four SNPs, including BMP2:rs235756 (p = 0.022), SMAD9:rs7333607 (p = 0.015), SMAD3:rs12102171 (p = 0.050), and SMAD4: rs12456284 (p = 0.016), were significant predictors for OS. The Kaplan-Meier (KM) plots of these four SNPs are shown in Figure 1 with p-values for the log-rank test listed. All p-values for the log-rank test were significant with the cut-off value of 0.05.


Table 2. Genetic correlation with OS, univariate analysis (N = 166).
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FIGURE 1. Effect of genetic variation on Kaplan-Meier overall survival curve. (A) BMP2:rs235756; (B) SMAD9:rs7333607; (C) SMAD3:rs12102171; (D) SMAD4: rs12456284; MST in months. MST, median survival time.


BMP2:rs235756 (HR = 0.63; 95% CI:0.42–0.93) in a recessive model showed lower risk for patients with minor allele (T). The MST increased from 22 months for patients with the wild-type (C) to 37.9 months for patients carrying the minor allele (T) (Log-rank p = 0.020, Figure 1A).

SMAD9:rs7333607 (HR = 2.79; 95% CI 1.22–6.41) in a recessive model was correlated with an increased risk of death among patients carrying the minor allele (G). Patients with minor allele (G) of this SNP had a significantly shorter MST of 7.1 months compared with 25.1 months for patients with the wild type (A) (Log-rank p = 0.011, Figure 1B).

SMAD3:rs12102171 (HR = 0.68; 95% CI: 0.46–1.00) was in a dominant model. Patients carrying the minor allele (T) had a significantly decreased risk of death. This decrease in risk resulted in an increased MST by nearly 11.8 months: from 18.8 months for those with the wild-type genotype (C) to 30.6 months for patients carrying the minor allele (T) (Log-rank p = 0.050, Figure 1C).

SMAD4: rs12456284 (HR = 0.63; 95% CI: 0.43–0.92) in a dominant model which correlated with a decreased risk of death among patients carrying the minor allele (G). These patients with the minor allele (G) of this SNP had a significantly longer MST of 32 months compared with 22 months for patients with the wild type (A) (Log-rank p = 0.011, Figure 1D).

The effect of SNPs in patients with stage III NSCLC was also tested similarly, and the results were similar to that discussed above. Detailed findings were shown in the Supplementary File.



A Combined Model of Integrating Clinical and SNP Factors for Survival

The LD plot of 14 SNPs is shown in Figure 2. Most SNPs showed strong independence (R2 < 0.2). The significant SNPs were independent of each other, and the multivariate analysis of each SNP was valid.


[image: Figure 2]
FIGURE 2. Graphical representation of the P-value obtained from individual SNP analysis and linkage disequilibrium (LD) structure.


After a long-term follow-up of 18–100 months, the random forest classifier of RModel2 with 1,000 trees trained with Clinical+SNP significantly increased the C-index compared to that of RModel1 as shown in Figure 3A. For example, the C-index of RModel1 at 24 months was 84.1%. After adding SNP as predictors, the C-index of RModel2 increased to 87.6%. At 36 months, the C-index increased from 79.4 to 84.4%. A t-test was applied on the C-index of the two models, and the p-value was 0.003 for both models, which indicated that RModel2 performed better than RModel1 in terms of the C-index.
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FIGURE 3. (A) Time-dependent C-index of RModel1 and RModel2. RModel2 increased the C-index from 0.73 to 0.78 compared with RModel1 at 24 months. Importance of predictors (VIMP) in the random forest for (B) RModel1 and (C) RModel2. RModel1: a model of combining only clinical predictors. RModel2: a model of combining significant clinical and genetic factors.





DISCUSSION

This study analyzed the correlation with clinical outcomes in patients with several adverse genotypes, and the results suggest that the cumulative influence by multiple genetic variants within the TGF-β signaling pathways could improve the prediction accuracy for survival among patients with NSCLC after RT.

The survival significance of TGF-β1 pathway genomics has a biologic rationale. The TGF-β is a prototype of a multifunctional cytokine and is the ligand for the TGF-β type I and II receptors. TGF-β composes of TGF-β1, 2, 3, and other about 30 family members, including the activin/inhibin subfamily, such as BMP subfamily (Bone Morphogenetic Proteins BMPs) and the mullerian inhibitory substance (22, 23). BMPs are the intracellular signaling members which can activate downstream signaling genes in TGF-β signaling pathways (24, 25). Smad proteins (Smad 1 through 9) are transcriptional regulators which are important for intracellular TGF-β signaling (26). In TGF-β signaling pathways, those subfamily genes have a similar effect on cell growth, cell proliferation and differentiation, and cell death and plays a key role in embryonic development, immune system regulation, and the duo roles of diseases, such as skeletal diseases, fibrosis, and cancer (23, 27–30). TGF-β signaling is very important in lung health and disease, regulating lung organogenesis and homeostasis, including alveolar cells and epithelial cells differentiation, fibroblast activation, and extracellular matrix organization. Whereas, TGF-β is the most potent epithelial-mesenchymal transition (EMT) inducer in NSCLC formation (31). DNA variants like SNPs can affect gene expressions and the functions of core disease-related genes (32).

The findings that SNPs in the TGF-β1 pathway genes can predict survival are clinically meaningful SNPs and consistent with the previous reports. Signature of TGF-β predicts metastasis-free survival in NSCLC (33, 34). SNPs of TGF-β1 gene have been reported to associate with OS in patients with NSCLC treated with definitive radio (chemo) therapy (35–37). The signature of a single SNP may only provide a modest or undetectable effect, whereas the amplified effects of combined SNPs in the same pathway may enhance predictive power (7, 38). In radiation, TGF-β1 may help in predicting radiation-induced lung toxicity (RILT) (39–41).

The SNPs identified in the study with prognostic values are consistent with reports from other investigators on their significance in other cancers (42–44). BMP2:rs235756 is in the downstream region of the BMP2 gene and has already been shown to alter normal BMP function. Several studies suggested that BMP2:rs235756 increased the production of the BMP protein and the concentration of serum ferritin levels, which promoted BMP signaling in cancer progression (42–44). BMP2 is highly expressed in lung cancer and is involved in regulating lung cancer angiogenesis and metastasis (45, 46). Silencing the expression of BMP-2 inhibits lung cancer cell proliferation and migration (47). BMP2:rs235756 has previously been reported as a significant biomarker for OS in patients with lung cancer (21). For patients who underwent RT, BMP2:rs235756 was shown to predict radiation pneumonitis (48), which is an important clinical outcome.

Furthermore, this study also suggested that SMAD3:rs12102171 correlated with OS in NSCLC. SMAD3:rs12102171, located in the intron region between exon3 and 4 of the SMAD3 gene, is known for its function as a mediator of TGF-β pro-fibrotic activities. Inflammatory cells and fibroblasts without smad3 do not auto-induce TGF-β, but Smad3 null mice are resistant to radiation-induced fibrosis (49). TGF-β/Smad3 signaling plays critical roles in biological processes, such as epithelial-mesenchymal transition (EMT) lung cancer cell progression and lung cancer patient survival (21, 50). That report showed a significant correlation with osteoarthritis (51). SMAD9:rs7333607 is located in the intron region of the SMAD9 gene and only correlated with lung cancer survival (21).

Smad4 belongs to the Smad gene family, acts as a mediator of TGF-β signaling pathways (26), and was classified as a tumor suppressor gene which plays important roles in maintaining tissue homeostasis and suppressing tumorigenesis (1). The loss of SMAD4 expression significantly correlated with poor OS in patients with cancers, such as pancreatic cancer, colorectal cancer, and prostate cancer (52, 53). The SNP rs12456284 locates 3′ UTR region of the Smad4 gene, was predicted to influence the potential miRNA binding, and downregulate the gene expression with Smad4 associated with gastric cancer (54). Genetic variants in the BMP/Smad4/Hamp hepcidin-regulating pathway, such as Hamp rs1882694, BMP2 rs1979855, rs3178250, and rs1980499, were associated with OS, local-regional progression-free survival, progression-free survival, and distant metastasis-free survival in patients receiving definitive RT for NSCLC but not rs12456284 (55).

In a tree analysis of the study, the variable importance (VIMP) measures the increase (or decrease) in prediction error for the forest classifier when a variable is randomly “noised-up.” A large positive VIMP shows that the prediction accuracy of the forest classifier is significantly degraded when a variable is noised-up. Thus, a large VIMP shows a more predictive variable. The VIMP of each variable in the RModel1 and RModel2 are listed in Figures 3B,C. It is shown that EQD2 and stage group were always two important predictors in the two models. SMAD3:rs12102171 was more important than other predictors, except for EQD2 and stage group, which was not reported before. BMP2:rs235756 and SMAD4: rs12456284 have a similar importance as smoking, which has been consistently shown as an important predictor in the clinical OS of patients with NSCLC. SMAD9:rs7333607 was less important and it may be overlooked should the results be validated by independent studies.

The present study has several limitations. First, this study has limited statistical power because of the small sample size in each stage group and the analysis of the limited number of SNPs. Second, the selection of the SNPs was rather arbitrary, which was limited by the published data at the start of this study. Additional SNPs candidates may be further identified; future studies can use the methodology of the study to develop better models with the inclusion of more candidates and more external validations. Although it showed the promise of genetic variation in guiding personalized medicine, the study shall be considered exploratory. The findings should be validated by an independent study population.



CONCLUSIONS

In this study, we systematically evaluated genetic variations in the TGF-β1 pathway as predictors of the outcomes for patients with NSCLC treated with RT. Four SNPs (SMAD3:rs12102171, BMP2:rs235756, SMAD9:rs7333607, and SMAD4: rs12456284) showed strong correlations with OS in patients with NSCLC after RT. The current model improves prediction accuracy by adding genetic variations in the TGF-β1 pathway.
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Early endpoints, such as progression-free survival (PFS), are increasingly used as surrogates for overall survival (OS) to accelerate approval of novel oncology agents. Compiling trial-level data from randomized controlled trials (RCTs) could help to develop a predictive framework to ascertain correlation trends between treatment effects for early and late endpoints. Through trial-level correlation and random-effects meta-regression analysis, we assessed the relationship between hazard ratio (HR) OS and (1) HR PFS and (2) odds ratio (OR) PFS at 4 and 6 months, stratified according to the mechanism of action of the investigational product. Using multiple source databases, we compiled a data set including 81 phase II–IV RCTs (35 drugs and 156 observations) of patients with non-small-cell lung cancer. Low-to-moderate correlations were generally observed between treatment effects for early endpoints (based on PFS) and HR OS across trials of agents with different mechanisms of action. Moderate correlations were seen between treatment effects for HR PFS and HR OS across all trials, and in the programmed cell death-1/programmed cell death ligand-1 and epidermal growth factor receptor trial subsets. Although these results constitute an important step, caution is advised, as there are some limitations to our evaluation, and an additional patient-level analysis would be needed to establish true surrogacy.
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Introduction

In clinical trials that assess novel therapeutic agents in patients with non-small-cell lung cancer (NSCLC), overall survival (OS) is considered the gold-standard endpoint for establishing clinical benefit (1–3). ‘Early’ endpoints, such as progression-free survival (PFS) and objective response rate (ORR), are evaluated in oncology trials as indicators of biological drug activity. For example, PFS rate at 6 months (PFS6) is often used as the key endpoint in phase II trials to accelerate approval of novel therapies (3–5). Approximately two-thirds of all regulatory approvals for cancer drugs in the US are based on these surrogate endpoints, which also form the basis of early go/no go decisions in the drug development pipeline (for instance, the decision to initiate phase III trials) (1–3, 6). This is because they permit shorter trial durations and the use of smaller patient cohorts, thereby allowing for faster, more cost-effective trials (3, 6). The use of early endpoints can overcome certain limitations associated with using OS, including the impact of subsequent therapy and patient crossover between trial arms (7). Analyses to support the use of these early endpoints in oncology trials has also been extended to evaluating PFS as a surrogate endpoint for health-related quality of life (8–10).

Surrogate endpoints are a measure of the treatment effect that correlates with OS, the long-term, established clinical endpoint (11). To be a reliable substitute for OS, regulatory agencies require that these early endpoints follow the pattern of the late endpoint both as an epidemiological marker and as a therapeutic responder (11–13).

Using early endpoints as surrogates for OS has the potential to be misleading in terms of treatment benefit (14, 15). Previous analyses have not always demonstrated a clear relationship between these endpoints, and the correlation of early endpoints with OS across clinical trials of anti-cancer drugs with different mechanisms of action (MoA) is not well established (2, 16–18). This is important when considering the high failure rate of oncology trials in general, and phase III trials in particular, which is largely due to a failure to meet the primary efficacy endpoint and is associated with high human and financial costs (19–21).

Compiling trial-level data from randomized controlled trials (RCTs) could help to develop a predictive framework to ascertain the correlation trends between treatment effects for early (e.g., odds ratio [OR] for PFS at 4 or 6 months [PFS4 or PFS6]) and late (e.g., hazard ratio [HR] OS) endpoints in clinical trials. In turn, this could improve early go/no go decision making in the drug development pipeline, optimize the selection of early endpoints, constitute a first step towards establishing surrogacy of early endpoints for OS, and support payer recognition of PFS for reimbursement. Here, we compile trial-level data from RCTs of NSCLC and use the data set to evaluate correlations between treatment effects for early endpoints (based on PFS) and HR OS for all trials and stratified according to the MoA of the investigational product.



Methods


Systematic Literature Review

A trial-level data set was compiled, which included phase II–IV RCTs of Stages I–IV NSCLC (Supplementary Figure 1). The data set was collected from multiple source databases, namely Citeline’s Trial Trove, clinicaltrials.gov, PubMed, and an internal AstraZeneca database (constrained search). First, an initial list of trials was compiled based on Trialtrove and clinicaltrials.gov, with search restricted to between January 2000 and January 2019, using the following search terms: non-small-cell lung cancer/NSCLC (disease); phase II to phase IV (to identify randomized controlled trials). Additional evidence was extracted from PubMed for external publications (using PubMed ID numbers), and from the internal AstraZeneca database for clinical study reports on AstraZeneca trials. The search strategy for compiling the data set included considerations of whether PFS (assessed by blinded independent central review or by the investigator per Response Evaluation Criteria in Solid Tumors [RECIST]) and OS data were available, the trial was interventional/multi-arm, and the data were analysis-ready. Trials that did not have a full data set (i.e., HR OS and HR PFS data) were excluded. Between-trial biases (e.g., crossover, differences in length of follow-up, etc.) and attrition rates were not considered as part of the inclusion/exclusion criteria.



Meta-Analysis: Data Extraction

The following treatment effect estimates were extracted from the identified trial reports, where available (reported HRs per Cox regression): HR OS, HR PFS, OR PFS4, and OR PFS6. ORs for PFS4 and PFS6 were calculated by extracting information from the curated data on how many patients had/did not have progression at 4 or 6 months, respectively, in the investigational arm and the control arm (attained by data mining of the reported Kaplan–Meier curves using the ‘WebPlotDigitizer’ tool (22) and establishing a contingency table based on these data (using actual count values). Fisher’s exact tests were then used to calculate ORs in a manner similar to computing ORs based on the proportion of PFS directly but using conditional maximum likelihood estimator (MLE) rather than unconditional MLE.



Meta-Analysis: Correlation and Meta-Regression Analysis

Correlation and random-effects meta-regression analyses were carried out to assess relationships between HR OS and HR PFS, OR PFS4, and OR PFS6 across all trials and stratified according to the MoA of the investigational product. Spearman’s rank correlation coefficients (Rho) were derived for all comparisons between trial-level treatment effects; an absolute value of a correlation (Spearman’s rho) close to 1 (for HR vs HR comparisons) or –1 (for HR vs OR comparisons) indicated a strong monotonic association. Associations were categorized as very high (0.9 – 1.0); high (0.7 – <0.9); moderate (0.5 – <0.7); low (0.3 – <0.5); and negligible (0 – <0.3), as used previously (23). Trial-level associations were quantified through random-effects meta-regression. R2 was used to quantify the proportion of heterogeneity accounted for by the regression (restricted maximum likelihood method) using the “metafor” R package (24); log HR was used to decrease the effect of outliers and support the normality assumptions made by meta-regression models. Meta-regression analyses were performed across different data-strata, stratified by the MoA of the investigational product.




Results


Literature Search Results and Data Selection for Downstream Analysis

In total, the data set included 81 industry-wide RCTs with 35 drugs and 156 observations, as shown in the PRISMA flow diagram (Figure 1, Supplementary Table 1). Among the 15 different MoA groups identified in these trials, epidermal growth factor receptor (EGFR) inhibition constituted the largest group, with 25 trials included, followed by programmed cell death-1/programmed cell death ligand-1 (PD-1/PD-L1) inhibition (18 trials), vascular endothelial growth factor receptor (VEGFR) inhibition (13 trials), and DNA damage response (DDR) inhibition (six trials). These four major trial subsets were used for downstream analysis by MoA. Other MoAs included in the data set were as follows: tubulin inhibition (four trials); anaplastic lymphoma kinase (ALK) inhibition (four trials); mitogen-activated protein kinase (MEK) inhibition (three trials); and one trial each for inhibition of Toll-like receptor-9 (TLR-9), poly ADP ribose polymerase (PARP), thymidylate synthase (TYMS), insulin-like growth factor-1 receptor (IGF-1R), cytotoxic T-lymphocyte-associated protein-4 (CTLA-4), matrix metalloproteinase (MMP), and mucin-1 (MUC-1). The MoA was not available for one of the trials. Approximately 16% of trials allowed crossover, mostly in trials of PD-1/PD-L1 inhibitors.




Figure 1 | PRISMA flow diagram. CSR, clinical study report.





Trial-Level Correlation and Random-Effects Meta-Regression Analysis


HR OS vs HR PFS

Based on 69 trials, a moderate correlation was observed between HR OS and HR PFS for all trials (i.e. irrespective of MoA) (random-effects meta-regression R2, 51.6%; P < 0.001) (Figure 2A and Table 1); the random-effect meta-regression Tau2 for between-trial variance was 0.034 (standard error, 0.008). Moderate correlations were also observed between HR OS and HR PFS for PD-1/PD-L1 inhibitors (random-effects meta-regression R2, 76.1%; P < 0.001) and EGFR inhibitors trials (random-effects meta-regression R2, 28.3%; P < 0.001) (Figure 2B and Table 1). The slopes were similar for PD-1/PD-L1 and EGFR inhibitors trials, but with different intercepts. The random-effects meta-regression R2 for EGFR inhibitors trials was small, suggesting that the regression fit was not reliable for this MoA. Negligible and high correlations were observed for VEGFR and DDR inhibitors, respectively, although these were based on very few observations (14 and 9, respectively) (Figure 2B and Table 1).


Table 1 | Correlation between HR OS and HR PFS across all trials and by MoA.






Figure 2 | Correlation between HR OS and HR PFS, (A) across all trials and (B) by MoA. The gray-shaded area in panel (B) represents the pointwise 95% CI for the mean of the Y given X. CI, confidence interval; DDR, DNA damage response; EGFR, epidermal growth factor receptor; HR, hazard ratio; MoA, mechanism of action; OS, overall survival; PD-1/PD-L1, programmed cell death-1/programmed cell death ligand-1; PFS, progression-free survival; VEGFR, vascular endothelial growth factor receptor.





HR OS vs OR PFS 4/6 Months

Based on 64 trials, low correlations were observed between both HR OS and OR PFS4 (random-effects meta-regression R2, 10.9%; P < 0.001) and HR OS and OR PFS6 (random-effects meta-regression R2, 23.1%; P < 0.001) for all trials. The meta-regression R2 was small, suggesting that the regression fit was not reliable (Supplementary Figures 2 and 3 and Supplementary Tables 2 and 3).

Moderate correlations were observed between HR OS and OR PFS4 for PD-1/PD-L1 inhibitors (random-effects meta-regression R2, 72.5%; P < 0.001) and EGFR inhibitors trials (random-effects meta-regression R2, 35.6%; P < 0.001) (Figure 3 and Table 2). Similar correlations to those observed between HR OS and OR PFS4 were observed between HR OS and OR PFS6 for PD-1/PD-L1 inhibitors (random-effects meta-regression R2, 86.1%; P < 0.001) and EGFR inhibitors trials (random-effects meta-regression R2, 36.2%; P < 0.001) (Figure 3 and Table 2). The slopes were similar for PD-1/PD-L1 and EGFR inhibitors trials, but with different intercepts. The random-effects meta-regression R2 for EGFR inhibitors trials was small, suggesting that the regression fit was not reliable for this MoA. For VEGFR and DDR inhibitors trials, negligible to low correlations were observed between both HR OS and OR PFS4 and HR OS and OR PFS6, although these were based on very few observations (11 and 6, respectively) (Figure 3 and Table 2).


Table 2 | Correlation by MoA between HR OS and OR PFS4/OR PFS6.






Figure 3 | Correlation by MoA between HR OS and (A) OR PFS4 and (B) OR PFS6. The gray-shaded area in panels (A, B) represents the pointwise 95% CI for the mean of the Y given X. The reported Rho values are negative as an HR <1, and an OR >1, indicating benefit with the investigational agent. CI, confidence interval; DDR, DNA damage response; EGFR, epidermal growth factor receptor; HR, hazard ratio; MoA, mechanism of action; OR, odds ratio; OS, overall survival; PD-1/PD-L1, programmed cell death-1/programmed cell death ligand-1; PFS4/6, progression-free survival rate at 4/6 months; VEGFR, vascular endothelial growth factor receptor.



Changes in random-effects meta-regression R2, random-effects meta-regression I2, Spearman’s rho, and Spearman’s rho upper/lower bound 95% CI for HR OS versus the different PFS-based treatment effects are summarized in Figure 4.




Figure 4 | Changes in random-effects meta-regression R2 and I2, Spearman’s rho, and Spearman’s rho upper/lower bound 95% CI for HR OS versus PFS-based treatment effects. The statistics for random-effects meta-regression for OR PFS at 4 months, OR PFS at 6 months, and HR PFS are compared with HR OS in a single plot. This represents the comparison of random-effects meta-regression R2 and I2 on the left, and Spearman’s rank correlation at 95% CI bootstrap with its upper bound and lower bound on the right. CI, confidence interval; DDR, DNA damage response; EGFR, epidermal growth factor receptor; HR, hazard ratio; LB, lower bound; OR, odds ratio; OS, overall survival; PD-1/PD-L1, programmed cell death-1/programmed cell death ligand-1; PFS, progression-free survival; PFS4/6, progression-free survival rate at 4/6 months; UB, upper bound; VEGFR, vascular endothelial growth factor receptor.







Discussion

Compiling trial-level data from oncology RCTs to ascertain correlation trends between treatment effects for early and late endpoints have the potential to improve early go/no go decision making in the drug development pipeline, optimize the selection of early endpoints, and support payer recognition of PFS for reimbursement, allowing for faster and more cost-effective oncology trials.

Using a comprehensive, trial-level summary data set of 35 drugs, 81 trials, and 156 observations in the NSCLC setting, we evaluated correlations between treatment effects for early endpoints (based on PFS) and HR OS. Low-to-moderate correlations were observed between HR PFS and HR OS across RCTs of agents with different MoAs. Trends were similar for PD-1/PD-L1 checkpoint inhibitors and EGFR inhibitors, although, in the latter case, the random-effects meta-regression R2 was small, suggesting that the regression fit was not reliable for this MoA. Moderate and low-to-moderate correlations, respectively, were also observed between treatment effects for OR PFS4/6 and HR OS in trials of PD-1/PD-L1 checkpoint inhibitors and EGFR inhibitors. These results suggest that, for these classes of agents, an improvement in OR PFS4/6 can be associated with OS benefit, and that PFS4 could potentially be used instead of PFS6 in early phase clinical trials, thereby speeding up the completion of these trials while providing support for initiating phase III trials.

The trial-level correlations also constitute a first step toward establishing the surrogacy of PFS for OS, although patient-level analyses would also be required for this purpose (25). Nevertheless, the results for PD-1/PD-L1 checkpoint inhibitor trials in the current analysis are broadly consistent with the results of another recent meta-analysis that assessed the surrogacy of PFS for OS with PD-1/PD-L1 checkpoint inhibitors at both the trial and patient level; in the trial-level analysis, based on 40 RCTs across various solid tumors, high correlation was observed between HR PFS and HR OS, with modest or limited benefit in PFS associated with meaningful improvement in OS (23). In the patient-level analysis, a positive association was observed between PFS and OS in NSCLC (Kendall’s Tau, 0.793; 95% CI, 0.789–0.797), as well as in other solid tumors, such as head and neck squamous cell carcinoma and bladder cancer. However, modest or limited improvement in RECIST-based endpoints did not rule out meaningful OS benefit, suggesting that they are imperfect surrogates that do not fully capture the clinical benefit of PD-1/PD-L1 checkpoint inhibitors (23). This warrants caution when basing early discontinuation of novel agents in this class on these surrogate endpoints.

Another meta-regression analysis of trials in patients with NSCLC provided no evidence of trial-level correlations (meta-regression R2, 0.08; 95% CI, 0–0.31) between treatment effects for PFS and OS for targeted therapies, such as EGFR inhibitors (16). In the current analysis, a moderate correlation was observed between treatment effects for HR OS and HR PFS for EGFR inhibitor trials, although the random-effects meta-regression R2 was small, suggesting that the regression fit was not reliable for this MoA. Taken together, these results suggest that PFS is an imperfect surrogate for OS in trials of EGFR inhibitors.

An analysis of 60 RCTs in patients with lung cancer assessed in six meta-analyses showed that PFS was a valid surrogate endpoint for OS in trials of chemotherapy and radiotherapy for patients with locally advanced lung cancers at trial level (R2 range, 0.89–0.97) (18).

Analyses of trials assessing anti-angiogenic agents and EGFR inhibitors in first-line metastatic colorectal cancer showed modest correlations between PFS and OS (R2 range, 0.45–0.69) (26). A trial-level meta-analysis of the correlation between PFS and OS in trials assessing chemotherapy or targeted therapy in metastatic breast cancer showed that HR PFS was a significant predictor of HR OS; however, when assessing by line of therapy, the association was significant in second-line and beyond trials, but not in the first-line trials (27). In the current analysis, no evaluation was conducted by line of therapy (first-line versus second-line and beyond), and it is therefore not possible to conclude whether there were any differences by line of therapy. The current analysis is also limited by the fact that the studies included were in the NSCLC setting only; it cannot be assumed that similar results would be observed with other cancers.

Moreover, the analysis was not stratified by the stage of disease under study, the nature of the control arm, the length of follow-up, or the line of therapy, potentially confounding the results. Regarding the different stages of disease included in the analysis, it is worth noting that all studies were in the locally advanced/advanced setting (stage III/IV), with no studies in patients with stage I/II disease and a majority of studies (62/81) in patients with stage IIIB/IV disease (with an additional 14 studies in patients with stage IV disease, two in patients with stage III/IV disease, one in patients with stage IIIA/B disease, and two in patients with stage III disease). Therefore, the results of this analysis largely reflect the locally advanced/advanced setting. An analysis by stage of disease would be of interest in follow-up investigations to assess any potential differences between early-stage and late-stage disease. Inclusion of different lines of therapy in the analysis is also a limitation, with inclusion of 46 trials in the first-line setting, and 31 in the second-line and above setting (four not available). Because the treatment intent is different for first-line versus further lines of therapy, an analysis by line of therapy would be of interest in follow-up investigations. Finally, the inclusion of studies with different lengths of follow-up is a common challenge in meta-analyses (28); a limitation of this analysis is the method commonly used for pooling of data when follow-up duration variables were not used.

Although the approach used to extract the data is reproducible, the specific extracted data points for PFS at 4 and 6 months may deviate in value, as these data were obtained through data mining of Kaplan-Meier curves. Additional limitations include cross-mechanism grouping; trial outcomes being closer to one for HR OS; and the studies included in the analysis being a heterogeneous mix of MoAs and study designs, with some studies pre-dating 2010 [i.e., before the first trials of PD-1/PD-L1 checkpoint inhibitors in NSCLC (29)]. As a result of these additional limitations, the correlation might have been more or less pronounced in analyses stratified by MoA, compared with combined analyses. Phase II or crossover studies were also considered in the modeling, with approximately 16% of trials allowing crossover; based on a separate analysis of crossover, it is thought, however, that this should not have affected the results significantly. In addition, inclusion of phase II studies could have also impacted the results. However, only 13 of 81 trials included in the analysis were phase II trials (plus 1 phase II/III trial and 1 phase IV trial), and 66 of 81 studies were phase III trials; therefore, the results largely reflect phase III trials. Conclusions cannot be drawn for the VEGFR and DDR inhibitors trial subsets because of the low number of observations; this is because when estimation methods are based on asymptotical assumptions, they can easily be biased when the sample size is small, and a recommendation is that meta-regression should generally not be considered when there are fewer than 10 studies available (30).

For this analysis, we also decided to only assess trial-level correlations and use a systematic approach largely based on the clinicaltrials.gov database, with searches carried out over 18 months. In this approach, not all studies are reported, and some studies only provide partial information or are ongoing. However, even when the treatment has a positive impact on the early endpoint and the early endpoint and OS are positively correlated, it is still possible that the treatment has no impact or a negative impact on OS, which challenges the use of surrogate endpoints. Therefore, because of the nature of a trial-level analysis, when assessing the validity of a surrogate, it is important to consider potential confounding factors and whether it is possible for the treatment to affect the early endpoint for different patients than those for whom the early endpoint affects OS.

Following this trial-level analysis, other trial-level parameters could be built into a digital health aid, including different tumor types, additional early endpoints, such as ORR, and other non-RECIST-based endpoints, to continue building a predictive framework that may help to ascertain the correlation trends across early-to-late endpoints in clinical trials and reduce the failure rate of pivotal phase III trials (20, 21). The challenges of early-phase study design of immunotherapies require new approaches that include incorporating additional endpoints, for instance, in the dose selection process, to improve efficacy and reduce toxicity (31). In recent years, there have been calls for more widespread use of data-driven tools to augment shared decision making, to incorporate the patient perspective and increase trial participation (32), and to address issues associated with the conduct of randomized clinical trials during pandemics (33).

Furthermore, high-quality real-world evidence (RWE) could be leveraged to enable drug approvals in oncology (34, 35), linking it to the value proposition of drugs (36–38). Regulatory bodies, such as the US Food and Drug Administration, have recently shown a willingness to expedite access to new cancer medicines by using RWE (39).



Conclusions

Using a comprehensive, trial-level, summary data set in the NSCLC setting, we generally observed low-to-moderate correlations between treatment effects for early endpoints (based on PFS) and HR OS across trials of agents with different MoAs. Moderate correlations were observed among trials of PD-1/PD-L1 checkpoint inhibitors and EGFR inhibitors. Caution is advised when drawing on the surrogacy of early endpoints for OS based on the current analysis, as an additional patient-level analysis would be needed to establish true surrogacy, and there are several limitations to the analysis. Exploration of additional endpoints, beyond RECIST, is needed to identify other early indicators of efficacy that might better predict HR OS. Moreover, compiling trial-level data for other solid tumors is required to optimize the selection of early endpoints across different cancer indications. By incorporating additional trial-level parameters and building composite biomarkers using machine intelligence methods, in collaboration with innovative trial design efforts, we envisage improving the prediction of HR OS from early endpoints.
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Objective

Pre-treatment biomarkers to estimate overall survival (OS) for malignant pleural effusion (MPE) are unidentified, especially those in pleural fluid. We evaluated the relationship between OS and total protein–chloride ratio in malignant pleural effusion (PE TPClR).



Materials and Methods

A retrospective study was undertaken to identify patients from 2006 to 2018 who had pathologically or cytologically confirmed MPE and received no tumor-targeted therapy. We recorded the pre-treatment clinicopathologic characteristics and follow-up status. OS was estimated by the Kaplan–Meier method, and the association between variables and OS was evaluated by Cox proportional hazards models.



Results

We screened 214 patients who met the eligibility criteria. The optimal cutoff value for the PE TPClR was set at 0.53. The univariate analysis showed that there was a significant correlation between PE TPClR and OS (P < 0.001). The multivariate analysis between OS and the variables selected from the univariate analysis showed that the levels of neutrophil, alkaline phosphatase, neuron-specific enolase, platelets, albumin in peripheral blood, and white blood cells in pleural effusion were also independent predictors of OS.



Conclusion

In patients with MPE, pre-treatment PE TPClR independently predicts OS. Although further research is necessary to generalize our results, this information will help clinicians and patients to determine the most appropriate treatment for MPE patients.





Keywords: malignant pleural effusion, total protein (TP), chloride (Cl-), overall survival, prognostic factor



Introduction

Malignant pleural effusion (MPE) is the second leading cause (only after parapneumonic effusion) of exudative pleural effusion, with more than 125,000 patients hospitalized annually in the United States and with an estimated hospitalization cost of over $5 billion each year (1). At present, the global incidence of MPE is affected by the elevated incidence of malignant tumors and the improvement of systematic treatment, which leads to high medical expenses (2). Despite improvements in cancer treatment, the therapy of MPE remains palliative (3), and the presence of MPE still implies a reduced survival rate (4). The median survival after the diagnosis of MPE will be affected by the origin, histological type, and stage of the primary tumor and is usually 3 to 12 months. Compared with patients who receive current standard care, advanced cancer patients receiving early palliative treatment had more improvements in the quality of life, longer survival, and less aggressive care at the end of life (5). Obviously, accurate prognosis can help to identify patients with the worst prognosis, determine appropriate treatments, and minimize unnecessary treatments and discomfort in the final stages of life.

Systemic and local inflammatory states have been considered to be associated with outcomes of cancer, and the pattern of inflammatory cell infiltration seems to affect survival (6, 7). Recently, some studies have reported various biomarkers in peripheral blood (4, 8–10) or some clinicopathological factors (11, 12) that may predict the prognosis of MPE patients or have analyzed the correlation of intrapleural immunomodulatory responses (8–10, 13–18), but simple parameters in pleural effusion have been rarely tested as possible predictors for survival in MPE patients.

It is well known that exudate is associated with inflammation or malignant processes resulting in increased capillary permeability. It is formed by active secretions or leakage and contains a high level of protein. As a result, the level of protein in pleural effusion has been studied as a simple marker for local inflammatory response (10, 14). Chloride is a biochemical marker commonly used for pleural fluid. It can be used to distinguish the etiology of pleural effusion which will significantly increase to support the diagnosis of infection, but it has not been paid enough attention in scientific research.

In our study, we comprehensively evaluated the prognostic value of clinical and laboratory characteristics in MPE patients before the tumor targeted therapy was taken, especially the markers in pleural effusion, determined the median survival time, and evaluated the prognostic variables associated with OS in MPE patients.



Materials and Methods


Participants

A retrospective analysis of a prospectively maintained database was carried out on identifying all patients who were diagnosed according to cancer cells in pleural effusion or pleural biopsy between June 2006 and April 2018 at Beijing Chao-Yang Hospital. In order to avoid the influence of immune-related issues and treatments on various indicators, patients with significant infection, autoimmune disease, or underlying hematological diseases, without pre-treatment complete blood or pleural count values, and who had received anticoagulant or tumor-targeted therapy were excluded. A total of 214 patients met the criteria for admission and were incorporated into our study. The research protocol was approved by the Institutional Review Board of Beijing Chao-Yang Hospital.



Data Collection and Follow-Up

The demographic data of the patients and their clinicopathological characteristics, including laboratory variables of peripheral blood and pleural effusion, histologic type, and extrapleural metastasis, were retrospectively collected from the database collection of our institution. The patients were routinely followed up every 6 months during the first year after diagnosis. Thereafter, the follow-up should be performed annually and kept for at least 1 year. The follow-up was maintained through personal contact with patients by phone, including asking for information about tumor recurrence and survival status. OS, defined as the interval between the diagnostic date and the date of death or last follow-up, was recorded.



Statistical Analyses

The PE TPClR values were obtained by dividing the level of total protein by the level of chloride in pleural effusion obtained during diagnostic thoracentesis or thoracoscopy. The optimal cutoff value for age was determined by the median, and those of the other variables were determined by maximally selected rank statistics (8), which were analyzed using R software, version 3.5.1, and the “maxstat” package. The cutoff value for the PE TPClR was 0.53. Continuous data were expressed as mean ± standard deviation. Categorical data were expressed by the frequency and percentage. Continuous data were analyzed by using Student’s t-test or one-way analysis, and categorical data were analyzed by using χ2 test. Survival curves were analyzed by the Kaplan–Meier method, and differences were compared using the log-rank test. The relationship between the PE TPClR and survival was assessed by univariable and multivariable Cox regression models. All statistically significant univariates were included in the multivariable model. Univariate and multivariate Cox regression models provided HR and 95% CI, respectively. A Cox proportional hazards model was used to fit all individual prognostic variables to determine their independent factors. SPSS 23.0 software was used for statistical analysis. The sample power of the study was calculated by PASS 11.0.




Results


Patient Characteristics

The study cohort was comprised of 214 patients, and the sample power of our study reached up to 86.3%, in accordance with the two-sided log-rank test. The significance level was 0.05. The baseline characteristics of the population in this study are shown in Table 1. The median age of the patients was 65 years (range, 56–73 years), and there are 109 (50.9%) male and 105 (49.1%) female. The majority of patients had an ECOG PS of 0–2 (56.1%), were never smokers (61.2%), and exhibited pulmonary adenocarcinoma histology (57.5%). At the time of diagnosis, 55.1% of the patients had extrapleural metastases.


Table 1 | Baseline characteristics of the study population according to PE TPClR.





Association of the Pretreatment PE TPClR With Baseline Clinical Factors in MPE

According to the best cutoff value of PE TPClR, all patients were classified into low group or high group. The clinical and laboratory characteristics related to the two groups are shown in Table 1. The median and interquartile range of the PE TPClR were 0.43 (0.39, 0.47) and 0.59 (0.55, 0.62), respectively. Age, sex, ECOG PS, smoking status, histology, extrapleural metastasis, white blood cell (WBC), neutrophil (N), hemoglobin, lactic dehydrogenase (LDH), neutrophil to lymphocyte ratio (NLR), platelet to lymphocyte ratio, lymphocyte to monocyte ratio (LMR), and C-reactive protein to albumin ratio (CAR) had no significant difference between the two groups. However, besides the PE TPClR (P < 0.001), the levels of albumin (ALB; P = 0.003), calcium (P = 0.001), PE adenosine deaminase (P = 0.002), and PE LDH (P = 0.024) exhibited significant differences between the two groups.



Association of Clinicopathological Factors and OS

The univariate associations between clinicopathologic factors and OS are shown in Table 2. Small cell carcinoma-type histology, high levels of WBC, N, alkaline phosphatase (ALP), and C-reactive protein (CRP), erythrocyte sedimentation rate, carcino-embryonic antigen, squamous cell carcinoma antigen, neuron-specific enolase (NSE) in peripheral blood, LDH, total protein (TP), glucose in pleural effusion, NLR, CAR, PE TPClR, low level of lymphocytes, mean platelet volume, and ALB in peripheral blood, CL- in pleural effusion, and LMR were significantly related to worse outcomes (all P <0.05).


Table 2 | Univariate analysis of potential associations between patient characteristics and OS.





PE TPClR Predicted OS Independently

Finally, we conducted a multivariate Cox analysis to determine whether PE TPClR independently predicted OS or not (Table 3). After adjusting, we found that pre-treatment PE TPClR was associated with OS independently (HR, 3.182; 95% CI, 2.203–5.003; P < 0.001). The median survival time was significantly higher for patients with PE TPClR ≤0.53 than for those with TPClR >0.53 (16 vs. 8 months; P <0.001), as shown in Figure 1. N (P < 0.001), platelet (P = 0.004), ALB (P = 0.024), ALP (P = 0.005), NSE (P < 0.001), and PE WBC (P = 0.001) were also independently correlated with OS. Analyses including pre-treatment WBC, NLR, LMR, and CAR in the multivariate model are shown above, but they were not significantly related to OS (P = 0.381, P = 0.541, P = 0.471, and P = 0.167, respectively).


Table 3 | Multivariate analysis of potential associations between patient characteristics and OS.






Figure 1 | Kaplan–Meier estimates of overall survival for patients with malignant pleural effusion in the pleural effusion total protein–chloride ratio (PE TPClR) ≤0.53 and PE TPClR >0.53 groups. There was a significant difference in survival between the groups (P < 0.001; stratified log-rank test).






Discussion

In our study, we have extensively screened out commonly used clinical laboratory indexes, which included MPE from a variety of causes that are not limited to lung cancer, and found that the PE TPClR is an important prognostic factor for OS in MPE patients. The PE TPClR is effective, safety, easy to calculate, inexpensive, and generally applicable in clinical settings from the different indicators in MPE (19). Therefore, the PE TPClR could potentially be an attractive and ideal prognostic variable for predicting the survival of MPE patients, and more valuable prognostic information can be provided for clinicians and patients through it. As far as we know, this is the first study on the effect of simultaneous detection of TP and chloride levels in pleural effusions on the prognosis of MPE.

Inflammation, which is reported to play a significant role in different stages of oncogenesis, is now considered as a marker of cancer (20). As we have mentioned above, plenty of research have explored the most commonly used indicators of inflammatory response, such as leukocytes, leukocyte subtypes, cytokines, CRP, LDH, ALP, and their potential effects on the prognosis of cancer patients. However, markers in pleural effusions are rarely used as possible predictors for survival in patients with MPE.

In our study, a higher level of total protein in pleural effusion was related to a shorter OS in the univariate analysis. It is different from some previous studies on the relationship between the total protein in pleural fluid and survival time. Abrao et al. showed that, when the pleural fluid total protein value was <3.6 g/dl, the median survival was 74 days, which was statistically significant in the multivariate analysis (14). They believe that, over time, the progress of the disease may affect hypoalbuminemia, but we think that exudative pleural effusion, which contains a high level of protein, is resulting in increased capillary permeability. When inflammation occurs, higher capillary permeability may cause the protein in exudation to increase.

There was no in-depth study of chlorides in pleural effusions except for the identification of drowning types. In our previous study (21), we found that the Cl- level in pleural fluid was an independent indicator for prognosis in MPE patients. Few studies have found that chloride intracellular channels 3 and 4, controlling the intracellular distribution of Cl- to provide ionic counterbalance, are over-expressed in human mesothelioma (22), and the concentration of Cl- in heart-failure-associated pleural effusion is higher than that in serum, indicating that Cl- may play an important role in the formation and retention of body fluid in the thoracic cavity (23). There are many studies on the level of chloride in the cerebrospinal fluid, which show that the concentration of chloride decreases when the level of chloride in the blood decreases. The pH of the cerebrospinal fluid decreases, and inflammatory exudation and adhesion are obvious. According to the existing literature, tumor cells produce hydrogen ions by glucose metabolism. Therefore, low pleural fluid pH and low glucose reflect a higher pleural tumor load and are related to poor survival. Heffner et al. confirmed that when pleural pH was less than 7.28, the prognosis of MPE was poor (24). Our results may be corroborated by the correlation between pH and chloride levels in pleural effusions. Therefore, a high level of PE TPClR was associated with a shorter OS.

The main limitation of our study is that it is a retrospective study with a relatively small sample size. Although a high statistical significance has been achieved, it is still necessary to conduct further studies on more patients. Further studies are needed to identify other sensitive biomarkers in pleural effusion to determine the best combination of marker analysis.



Conclusion

PE TPClR can be used to predict the prognosis of MPE patients. It can help clinicians select patients for appropriate palliative care. More research is needed to clarify the underlying mechanisms and to identify new strategies to improve the prognosis of these patients.
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Objective

This study was conducted in order to establish a long non-coding RNA (lncRNA)-based model for predicting overall survival (OS) in patients with lung adenocarcinoma (LUAD).



Methods

Original RNA-seq data of LUAD samples were extracted from The Cancer Genome Atlas (TCGA) database. Univariate Cox survival analysis was performed to select lncRNAs associated with OS. The least absolute shrinkage and selection operator (LASSO) regression analysis and multivariate Cox analysis were performed for building an OS-associated lncRNA prognostic model. Moreover, receiver operating characteristic (ROC) curves were generated to assess predictive values of the hub lncRNAs. Consequently, qRT-PCR was conducted to validate its prognostic value. The potential roles of these lncRNAs in immunotherapy and anti-angiogenic therapy were also investigated.



Results

The lncRNA-associated risk score of OS (LARSO) was established based on the LASSO coefficient of six individual lncRNAs, including CTD-2124B20.2, CTD-2168K21.1, DEPDC1-AS1, RP1-290I10.3, RP11-454K7.3, and RP11-95M5.1. Kaplan–Meier analysis revealed that LUAD patients with higher LARSO values had a shorter OS. Furthermore, a new risk score (NRS), including LARSO, stage, and N stage, could better predict the prognosis of LUAD patients compared with LARSO alone. Evaluation of the prognostic model in our cohort demonstrated that patients with higher scores had a worse prognosis. In addition, correlation analysis between these six lncRNAs and immune checkpoints or anti-angiogenic targets suggested that LUAD patients with high LARSO might not be sensitive to immunotherapy or anti-angiogenic therapy.



Conclusions

This robust six-lncRNA prognostic signature may be used as a novel and powerful prognostic biomarker for lung adenocarcinoma.





Keywords: lung adenocarcinoma, lncRNA, prognostic model, least absolute shrinkage and selection operator (LASSO), overall survival



Introduction

Lung cancer is the leading cause of cancer-related morbidity and mortality worldwide (1). Lung adenocarcinoma (LUAD), the most common histological type of lung cancer, is highly heterogeneous and accounts for approximately 40% of all lung cancer cases (2). Although advances have been made in improving diagnosis and developing new treatments, the overall survival of (OS) patients has not significantly improved, with 5-year survival rates being <18%. One of the main reasons for poor prognosis is that most patients are diagnosed only when in an advanced stage, thus losing the chance to undergo surgery (3). Therefore, identifying accurate prognostic biomarkers for early lung cancer diagnosis, especially for LUAD, remains of crucial importance.

Long non-coding RNAs (lncRNAs) are widely defined as RNA transcripts lacking protein-coding abilities, with a length longer than 200 nucleotides (4, 5). lncRNAs are essential in the regulation of various cellular and physiologic functions, including gene activation/silencing (6, 7), chromatin dynamic (8), post-translational modification (9), and alternative splicing (10), and have been reported to be involved in tumorigenesis and tumor metastasis (11, 12). For example, lncRNAs named HOTAIR could serve as a modular scaffold to reprogram chromatin state, promoting cancer metastasis (13). Moreover, DLX6AS lncRNA acts as competing endogenous RNAs (ceRNAs) that can sponge target microRNAs or proteins and can promote cancer proliferation and invasion by reducing the endogenous function of miR-181b in pancreatic cancer (14, 15). Human colorectal cancer-specific CCAT1 lncRNA can inhibit long-range chromatin interactions with its enhancers (16).

Increasing evidence suggests that aberrant expression of lncRNAs is associated with various human cancers, such as ovarian (17) and non-small cell lung cancer (NSCLC) (18). Notably, some lncRNAs have been implicated as effective biomarkers for cancer diagnosis and prognostication (19). In this study, we aimed to identify and validate potential lncRNA biomarkers for the diagnosis and prognosis of LUAD. RNA sequencing (RNA-seq) data for LUAD were retrieved from The Cancer Genome Atlas (TCGA). A novel lncRNA-based prognostic signature was discovered for LUAD based on bioinformatics approaches. The six-lncRNA signature illustrated desirable sensitivity and specificity after collecting validation sets and follow-up.



Material and Methods


Data Collection and Processing

HTseq-FPKM (fragments per kilobase million), the VarScan2 data of exon group mutation, and clinical information of LUAD patients were downloaded from TCGA (https://portal.gdc.cancer.gov) (20). FPKM was transferred into TPM (transcripts per million). In addition, the expression matrix of lncRNAs was extracted.



Univariate Cox Survival Analysis

The LUAD patients were grouped based on the median value of lncRNA expression. Based on clinical information of LUAD patients, univariate survival analysis of overall survival (OS) was performed by survival package (21) of R 4.0.2 software. The lncRNAs associated with OS were significantly extracted for further model building.



OS-Associated Prognostic Model Building

lncRNA expression matrix associated with OS as well as clinical information of related TCGA-LUAD patients was retrieved. The least absolute shrinkage and selection operator (LASSO) regression model was built according to the survival state of patients (i.e., dead or alive) by glmnet package (nfold = 10, λ = lambda.min) (22). The lncRNAs whose regression coefficients were not 0 were included for multivariate Cox regression analysis, and forestplot package (23) was used for analyzing and plotting. The risk score equation named lncRNA-associated risk score of OS (LARSO) was obtained depending on the coefficients of lncRNAs associated with prognosis in the regression model. The ggplot2 package (24) and timeROC package (25) were used to generate a scatter map and a heat map of lncRNA expression after calculating the LARSO value of each sample. Time-dependent (1, 3, and 5 years) receiver operating characteristic (ROC) and Kaplan–Meier curves were also generated. The largest Youden index of ROC was selected as the best cutoff value of LARSO, and the patients were divided into high-risk and low-risk groups according to this value. Nomogram and calibrate curves were plotted using an rms package (26). The results of the Cox regression analysis were visualized.



Correlation Analysis Between LARSO and Clinicopathological Features of TCGA-LUAD

Clinical information and the key gene (EGFR, KRAS, ALK, ROS1, and BRAF) mutation status of LUAD patients in TCGA were extracted for investigating the correlation between LARSO and clinicopathological features. Univariate Cox regression analysis was performed to pick out factors correlated with OS, and further multivariate Cox regression analysis was performed to obtain independent prognosis factors associated with OS. Furthermore, we analyzed the correlation between LARSO and these factors overall and the differences between high- and low-risk groups. In order to obtain a new risk score (NRS), LASSO regression analysis was carried out again according to the method described above. Prognostic values of the novel prognostic model with clinical characteristics were reanalyzed.



Validation Set Collection and Follow-Up

LUAD tissues and paired normal adjacent tissues were collected from 48 LUAD patients in the Second Affiliated Hospital of Zhejiang University School of Medicine from March 2018 to August 2020 (Approval No. IR2019001101; approval on April 3, 2019). Clinicopathological characteristics and prognostic survival information included age, sex, smoking habit, tumor size, pathogenic site, and clinical TNM stage. The follow-up date ended on June 8 in 2021, and outpatient and telephone follow-up were performed.

This study was approved by the Institutional Review Committee of the Second Affiliated Hospital of Zhejiang University School of Medicine. All the patients and their guardians gave written informed consent before surgery.



qRT-PCR

Total RNA in the tumor samples was extracted using the RNA-Quick Purification Kit (RN001, ES Science, Beijing, China) according to the instructions of the manufacturer. One microgram of RNA was then reverse-transcribed into cDNAs using the PrimeScript™ RT Reagent Kit (RR037A, TaKaRa, Japan). qRT-PCR analysis was performed using TB Green Premix Ex Taq™ kit (RR420A, TaKaRa, Japan) on a CFX96 Real-Time System (Bio-Rad, UK). β-Actin was used as the housekeeping gene, and the primer information is listed in Table S1.



Validation of Prognostic Value

The CT values of the first LUAD patient sample for qPCR were set as control. 2−△△CT was performed for all the samples to obtain the relative expression values of lncRNAs in the prognostic model. Relative LARSO and NRS values of LUAD patients were calculated by the risk score equation. These results were integrated with the prognosis information of patients. Hence, the related scatter plot, heat map, ROC curve, and Kaplan–Meier curve were analyzed and plotted to validate the prognostic value of our model.



Gene Set Enrichment Analysis

The patients were divided into high-risk and low-risk groups according to the cutoff value of LARSO in the modeling set. KEGG and hallmark pathway enrichment analyses in gene set enrichment analysis (GSEA, https://www.gsea-msigdb.org/gsea) were performed for TCGA transcriptome matrix normalized by TPM. The results (FDR < 0.05) were visualized (27).



Correlation Analysis Between Immune-Related Genes and lncRNAs in the LARSO Prognostic Model

Immune-related genes (IRGs) were downloaded from the ImmPort database (https://immport.niaid.nih.gov) (28). IRG expression matrix profiles, including antigen processing and presentation, interferons and interferon receptors, TCR signaling pathway, TNF family members and receptors, and TGFb family members and receptors, were extracted from the TCGA transcriptome matrix profile described above. The correlation coefficient between IRGs and lncRNA in the prognostic model was calculated by the psych package (29) and plotted by the ggplot2 package (24).



Correlation Analysis of Immune Infiltration

Score evaluation of 22 immune cells in the TCGA transcriptome matrix profile described above was performed in the CIBERSORTx database (https://cibersort.stanford.edu/) (30, 31). The correlation between these scores and lncRNA expression was analyzed. Besides, differences in immune cell scores between high- and low-risk groups were analyzed to evaluate the correlation between the prognostic model and immune infiltration.



Correlation Analysis of Immune Checkpoints and Anti-Angiogenic Targets With lncRNAs in the LARSO Prognostic Model

Expression matrices of immune checkpoints including PDCD1 (PD-1), CD274 (PD-L1), PDCD1LG2 (PD-L2), and CTLA4 were extracted from the transcriptome matrix in TCGA described above. Expression matrices of anti-angiogenic targets including KDR (VEGFR-2), FLT4 (VEGFR-3), FLT1 (VEGFR-1), EGFR, PDGFRB (PDGFR-2), KIT, PDGFRA (PDGFR-1), and FGFR1-4 were also extracted from this matrix in TCGA. The correlation between these immune checkpoints or targets and lncRNA expression was analyzed and plotted. We also compared the differences of these immune checkpoints or targets between the high- and low-risk groups.



Statistical Analysis

The statistical results were analyzed and plotted by R 4.0.2 and GraphPad 8.0 software. Mean ± standard deviation (SD) displayed the measurement data. Student’s t-test was used to compare the difference between high- and low-risk groups. A chi-square test was used to compare the difference between high- and low-risk groups for enumeration data. Spearman test was used for correlation analysis, and log-rank tests were used for survival analysis. P <0.05 was considered statistically significant (*P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001).




Results


Construction of a Regression Equation Based on the Six-lncRNA Prognostic Risk Scoring Model

Three hundred thirty-six lncRNAs correlated with OS were retrieved from the TCGA database. There were only 20 lncRNAs that exhibited effective co-efficiency in regression via LASSO regression analysis (Figures 1A, B). Among them, six lncRNAs, i.e., CTD-2124B20.2, CTD-2168K21.1, DEPDC1-AS1, RP1-290I10.3, RP11-454K7.3, and RP11-95M5.1, were finally identified via expression profile analysis as well as Cox regression analysis. All six lncRNAs showed correlations with the status of the patients (alive or dead) and significantly affected OS (Figure 1C). Based on the results above, we obtained a LARSO regression equation: LARSO = 0.007613542 × CTD-2124B20.2 expression value + 0.003865727 × CTD-2168K21.1 expression value + 0.001419855 × DEPDC1-AS1 expression value + 0.001170444 × RP1-290I10.3 expression value + 0.003746008 × RP11-454K7.3 expression value + 0.0036433 × RP11-95M5.1 expression value. In addition, correlation coefficients of the six lncRNAs were >0 in the regression equation, which implied that these lncRNAs were potential oncogenic factors. Next, hazard ratio (HR) values further confirmed that lncRNAs were potential oncogenes (HR > 1). Hence, it was suggested that the selected six lncRNAs were risk factors of LUAD (Figure 1D).




Figure 1 | Prognostic model. (A) Least absolute shrinkage and selection operator (LASSO) coefficient distribution diagram of 336 long non-coding RNAs (lncRNAs): x-coordinate was log (λ) for screening the best tuning parameter (λ). (B) Tuning parameter (λ) in the LASSO regression model was selected according to 10-fold cross-validation. Plotting was performed based on this value as well as the area under the receiver operating characteristic curve. A vertical dashed line was drawn at the best value by using the minimum standard and 1 standard error of the minimum standard (1-SE standard). (C) Visualization of the Cox regression analysis: the significant lncRNAs (P < 0.05) in the Cox regression were displayed. The impacts of these lncRNAs on the prognosis of lung adenocarcinoma (LUAD) patients are shown below by a single survival curve. (D) Forest map with HR: the Ensembl ID of the six lncRNAs, regression coefficient in LASSO regression, and P-value in the Cox regression analysis were displayed; a vertical line was drawn at HR = 1.





Construction of a Six-lncRNA Signature for Predicting OS

Based on the LARSO regression equation above, LARSO values of each LUAD case in the TCGA database were calculated. Afterwards, all the TCGA-LUAD patients were divided into high-risk (n = 48) and low-risk groups (n = 465) according to the cutoff point (LARSO = 0.110). Next, we analyzed the lncRNA relative expression of every TCGA-LUAD patient, the expression distribution of lncRNAs, and the survival state of patients, both in the high- and low-risk groups (Figure 2A). The relative expression of six lncRNAs and the number of deaths were higher in the high-risk group compared with those in a low-risk group. Notably, the six-lncRNA signature reached AUC values of 0.63 in the 1-year ROC curve, 0.6 in the 3-year ROC curve, and 0.59 in the 5-year ROC curve, suggesting an effective performance in OS prediction (Figure 2B). Moreover, Kaplan–Meier curves (Figure 2C) suggested statistically significant differences between the high- and low-risk groups (P < 0.0001). Similarly, a significant difference was also observed in median survival time between the high-risk group (624 days) and the low-risk group (1,559 days).




Figure 2 | Validation of the prognostic model. High- and low-risk groups were divided according to the lncRNA-associated risk score of OS (LARSO) value. (A) The histogram, scatter plot, and heat map showed the risk grouping, patient survival status, and the expression of the six lncRNAs, respectively. (B) Receiver operating characteristic (ROC) curves were shown at 1, 3, and 5 years based on the LARSO scores and prognosis of LUAD patients. (C) Kaplan–Meier survival curves were plotted: the overall survival time of patients in the high-risk group was significantly shorter than that in the low-risk group (P < 0.0001). (D) Calibration curve: the x-coordinate was the probability of 2-year survival predicted by the model, and the y-coordinate represented the actual 2-year survival. (E) Column map: the 1-, 3-, and 5-year survival rates of patients could be predicted by scoring the expression level of the six lncRNAs. A log-rank test was used for survival analysis.



By analyzing the prediction accuracy through calibration curves, we demonstrated that the 2-year OS prediction had the highest accuracy via the six-lncRNA signature prognostic model (Figure 2D). A nomogram was also built to evaluate the prediction abilities of this prognostic model on 1-, 3-, and 5-year survival probability (Figure 2E). This result suggested that the expression of these six lncRNAs was negatively correlated with patient survival, i.e., lower expression, higher survival.



LARSO Was Correlated With Clinicopathologic Features of LUAD Patients

The correlation analysis between LARSO and the clinicopathologic features of TCGA-LUAD was then investigated. As shown in Table 1, statistical differences between the high- and low-risk groups were found in T stage (P < 0.0001), N stage (P = 0.0342), survival status (P < 0.0001), and cancer status (P = 0.0002). Moreover, higher LARSO values implied larger tumor size, lymph nodes metastasis, more death of LUAD patients, or more survival of patients with tumor.


Table 1 | Correlation between LARSO and the clinicopathological characteristics of lung adenocarcinoma patients in the TCGA database (N = 514).



Furthermore, we conducted univariate and multivariate Cox regression analysis for the above factors (Table 2). Group (HR = 0.3519, P < 0.001), LARSO (HR = 26401, P < 0.001), stage, and TNM stage were all correlated with OS. Above all, LARSO (HR = 1,867.458, P = 0.00642) and T3 stage (HR = 2.644, P = 0.00963) were two independent prognostic factors affecting OS. Thus, we analyzed the correlation between LARSO value and stage or TNM stage and investigated whether there was a significant difference in LARSO value between high- and low-risk groups at a different stage or TNM stage. Our data indicated that a higher LARSO value was correlated with worse or severe TNM stage. Moreover, there were significant differences in LARSO value between stage I and stage IV (P = 0.0125, Figure 3A), or T1 and T4 (P < 0.0001), or T2 and T4 (P = 0.0005), or T3 and T4 (P = 0.0288, Figure 3B). Also, the LARSO value was different in the N0 and N1/N2/N3 groups (P = 0.0070, Figure 3C) and in the M0 and M1 groups (P = 0.0262, Figure 3D).


Table 2 | Univariate and multivariate analyses for factors influencing overall survival (OS) of lung adenocarcinoma patients in the TCGA database.






Figure 3 | Correlation analysis between the LARSO value and stage or TNM stage. (A) Tumor stage was negatively correlated with LARSO value, i.e., higher stage, lower LARSO value; the difference of LARSO between stage I and stage IV was statistically significant (P < 0.05). (B) A higher LARSO value was associated with a worse T stage. The LARSO value at T1, T2, or T3 was statistically different from the LARSO value at T4. (C) The LARSO value of patients with lymph node metastasis (N1/N2/N3) was significantly higher than patients without lymph node metastasis (N0). (D) LARSO value in the M0 group was significantly lower than that in the M1 group (P < 0.05). (E) The LARSO value between the high- and low-risk groups at different stages was statistically significant, and the LARSO value of the high-risk group was significantly higher than that of the low-risk group (P < 0.05). (F) The LARSO value in different T stages between the high- and low-risk groups was statistically significant. (G) The LARSO value between the high- and low-risk groups was significantly different in various N stages (P < 0.05). In addition, the LARSO value in the high-risk group with lymph node metastasis (N1/N2/N3) was significantly higher than that in the non-lymph node metastasis group (N0). (H) The difference of LARSO value in different M stages in the high- and low-risk groups was statistically significant. Student’s t-test was used for testing between groups. *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001.



Next, we compared LARSO values in the high- and low-risk groups based on stage, T classification, N classification, or M classification. There were significant differences in LARSO value between the two groups on stage (P < 0.0001, Figure 3E) or T classification (P < 0.0001, Figure 3F). As for the N stage (Figure 3G), a significant difference in LARSO value was found between the high- and low-risk groups (P < 0.0001). Besides, there was a significant difference between N0 and N1/N2/N3 in the high-risk group (P = 0.0033). Likewise, the difference in LARSO value between the high- and low-risk groups in the M stage was also statistically significant (P < 0.0001, Figure 3H).



LARSO Combined With Stages and N Stages Could Better Predict the Prognosis of LUAD Patients

Firstly, clinical factors correlated with OS were obtained via univariate Cox regression analysis. Then, these clinical factors were combined with the LARSO data, after which a LASSO regression analysis was performed. Therefore, a new risk score (NRS) was generated: 7.5671594 × LARSO + 0.3127315 × Stage score + 0.2828587 × N score. The scores of stages I, II, III, and IV were graded as 1, 2, 3, and 4, respectively. Similarly, the scores of NX (0), N0 (1), and N1/N2/N3 (2) were also defined.

Based on this NRS regression equation, we calculated the NRS values of each TCGA-LUAD patient. All the patients were divided into a high-risk group (n = 183) and a low-risk group (n = 317) based on the new cutoff point of the ROC curve (NRS = 1.45). Higher NRS scores and deaths were observed in the high-risk group compared with the low-risk group (Figure 4A). Moreover, we found that the AUC value was 0.71 in the 1-year ROC curve, 0.7 in the 3-year ROC curve, and 0.71 in the 5-year ROC curve, indicating NRS with better OS prediction ability compared with LARSO alone (Figure 4B), as well as stage (Figure S1A) or N stage (Figure S1B) alone.




Figure 4 | LARSO combined with stages and N stages for predicting the prognosis of LUAD patients. (A) Risk grouping situation, the scatter diagram of patient survival status, and the distribution of LARSO, stage, and N stage in each sample are shown. (B) The 1-, 3-, and 5-year ROC curves plotted based on NRS and patient survival. (C) Kaplan–Meier analysis: the overall survival time of patients in the high-risk group was significantly shorter than that in the low-risk group (P < 0.0001). (D) The LARSO values were calculated based on the survival state of 48 patients and the expression of the six lncRNAs. Histogram of the high- and low-risk distribution, scatter plot of patient survival, and the heat map of the expression of the six lncRNAs were displayed. (E) The 1- and 3-year ROC curves were drawn based on the LARSO value and the survival state of patients. (F) Kaplan–Meier analysis: the overall survival time of patients in the high-risk group was significantly shorter than that in the low-risk group (P < 0.0001). (G) The risk grouping, the scatter diagram of patient survival status, and the distribution of LARSO, stage, and N stage in each sample were shown after NRS was calculated. (H) According to the 1- and 3-year ROC curves drawn based on the NRS value and patient survival time, the AUC value of 1-year ROC was 0.77, while the AUC value of the 3-year ROC was up to 0.8. (I) Kaplan–Meier analysis: the overall survival time of patients in the high-risk group was significantly shorter than that in the low-risk group (P < 0.0001). A log-rank test was used for survival analysis.



Survival analysis was further performed, suggesting a significant difference in the median survival time, with 3,094 days in the low-risk group, which was about 3.58 times higher than the high-risk group (864 days) (P < 0.0001, Figure 4C). These results implied that LARSO combined with stage and N stage could support a desirable prediction for LUAD prognosis.



LARSO and Derived NRS Prognostic Model Validation

To validate our six-lncRNA signature prognostic model, we collected 48 pairs of carcinoma tissues and normal adjacent tissues for investigating the relative expression of six lncRNAs via qRT-PCR. Then, the LARSO values of each LUAD patient were calculated through the LARSO regression model. Likewise, we divided all the LUAD patients into high-risk group (n = 15) and low-risk group (n = 33) according to a cutoff point in a 3-year ROC curve (LARSO = 0.790). The relative expression of these lncRNAs, expression distribution, and survival status of LUAD patients were also examined. As shown in Figure 4D, the relative expression of these six lncRNAs and deaths was lower in the low-risk group compared with those in the high-risk group. Besides, AUC values of 1-year and 3-year ROC curves were 0.78 and 0.77, which indicated that our LARSO prognostic model has a good prognostic value (Figure 4E). However, 5-year ROC curve was not available due to insufficient follow-up time. Survival curves were also performed. A low-risk group demonstrated a prolonged median survival time with 1,162 days follow-up deadline, which was significantly longer than that of the high-risk group (342 days) (P < 0.0001, Figure 4F).

Furthermore, NRS values in the validation set were calculated, and the cutoff value (NRS = 6.59) was used for dividing patients into high- (n = 15) and low-risk (n = 33) groups. Similar to previous data, the high-risk group was associated with higher scores and more deaths (Figure 4G). Although the AUC value in the 1-year ROC curve (AUC = 0.77) was close to the result in Figure 4E (0.78), the AUC value in the 3-year ROC curve (AUC = 0.8) was better than that in Figure 4E (0.77) (Figure 4H). In addition, Kaplan–Meier curves showed a significant difference between high- and low-risk groups, thus indicating that patients in the low-risk groups had better prognoses (P < 0.0001, Figure 4I).



Related Hallmarks and Regulatory Pathways of lncRNAs in the LARSO Prognostic Model

Next, we performed GSEA analysis as well as KEGG pathway analysis, aiming to investigate the related hallmarks and regulatory pathways associated with lncRNAs. GSEA suggested that the six lncRNAs are involved in several pathways, including G2M checkpoint, mTORC1 signaling, E2F targets, MYC targets, DNA repair, glycolysis, oxidative phosphorylation, and reactive oxygen species pathway (P < 0.05 and FDR < 0.05, Figure S2A). Generally, these hallmark gene sets participate in cell cycle regulation, DNA damage repair, or tumor cell metabolism regulation. Besides, the six lncRNAs might also be involved in various pathways after GSEA analysis in the KEGG pathway, for instance, proteasome, cell cycle, and nucleotide excision repair (P < 0.05 and FDR < 0.05, Figure S2B). All GSEA results are shown in Table S2.



Correlation Between Immunity and lncRNAs in the LARSO Prognostic Model

In this part, we analyzed the correlation between immunity and lncRNAs in our prognostic model. We found that the correlation between lncRNAs and IRGs was different among six lncRNAs. Firstly, only DEPDC1-AS1 and RP11-454K7.3 had been found in the antigen processing and presentation category (Figure 5A). Most IRGs were associated with DEPDC1-AS1 or RP11-454K7.3 (P < 0.05), while merely a small part was correlated with RP1-290I10.3 or RP11-95M5.1 (P < 0.05). Also, CTD-2168K21.1 had no statistical significance with IRGs in this category. The analysis between these lncRNAs (except for RP11-95M5.1) and other categories, including interleukins and receptors (Figure 5B), TCR signaling pathway (Figure 5C), and TNF family members and receptors (Figure 5D), displayed similar results with antigen processing and presentation category.




Figure 5 | Correlated immune categories with lncRNAs in the prognostic model. (A–E) Correlation analysis between lncRNAs with gene expression in (A) antigen processing and presentation category, (B) interleukins and receptors category, (C) TCR signaling pathway category, (D) TNF family members and receptors category, and (E) TGFb family members and receptors category. The abscissa represents the lncRNAs, and the genes in the immune categories are on the ordinate. The lower left half triangle represents correlation: red means negative correlation, while blue implies positive correlation. Darker color means stronger correlation. The upper right semi-triangle is the value of −log10 (P-value). A larger value implies the darker the color. Spearman test was used for correlation analysis. *P < 0.05; **P < 0.01; ***P < 0.001.



RP11-95M5.1 showed no significant correlation with IRGs in these three categories. In addition, in the immune category of TGFb family members and receptors (Figure 5E), most IRGs were significantly correlated with DEPDC1-AS1, RP1-290I10.3, and RP11-454K7.3, while a small part was related to RP11-95M5.1. Hence, DEPDC1-AS1 and RP11-454K7.3 were more likely to regulate the above five immune categories, while RP1-290I10.3 and RP11-95M5.1 were less likely to be involved. CTD-2124B20.2 and CTD-2168K21.1 might not regulate the immune process of the above five categories.



Immune Infiltration in the High- and Low-Risk Groups

Through immune infiltration analysis, different proportions of several immune cells were found between the high- and low-risk groups, including plasma cells (P = 0.0233), monocytes (P = 0.0003), macrophages M1 (P = 0.0013), dendritic cells resting (P = 0.0269), dendritic cells activated (P = 0.0294), eosinophils (P < 0.0001), and neutrophils (P = 0.0256) (Figure 6A). However, similar results were not observed in the correlation analysis between these immune cells and the six lncRNAs (Figure 6B). A positive correlation was only found between DEPDC1-AS1 and macrophages M1 (R = 0.276, P < 0.001), while a negative correlation was seen between RP11-454K7.3 and neutrophils (R = −0.118, P < 0.001). Therefore, the immune infiltration might slightly differ between the high- and low-risk groups. Moreover, the small difference of immune cells between the high- and low-risk groups, except for macrophages M1 and neutrophils, was more likely to result from the synergistic effect of all six lncRNAs in the LARSO prognostic model.




Figure 6 | Correlation analysis of lncRNAs with immune cell infiltration score, immune checkpoint expression, or antivascular target expression between the high- and low-risk groups. (A) Significant immune infiltrates between the two groups: plasma cells (P = 0.0233), monocytes (P = 0.0003), macrophages M1 (P = 0.0013), dendritic cells resting (P = 0.0269), dendritic cells activated (P = 0.0294), eosinophils (P < 0.0001), and neutrophils (P = 0.0256). (B) Correlation analysis between lncRNAs in the prognostic model and immune infiltration score. (C) Correlation analysis of four immune checkpoints (PD-1, PD-L1, PD-L2, and CTLA4) between the high- and low-risk groups; no significant difference was found. (D) Correlation analysis between immune checkpoints with the six lncRNAs. (E) Correlation analysis of common anti-angiogenic targets between the high- and low-risk groups. Only KDR (VEGFR-2) showed a significant difference between the two groups (P = 0.0314). (F) Correlation analysis between anti-angiogenic targets with the six lncRNAs. Student’s t-test was used for the different tests between groups. Correlation analysis was performed by the Spearman test. *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001.





Immunotherapy and Anti-Angiogenic Targeted Therapy Might Be Less Effective in the High-Risk Group

Finally, we investigated the roles of our prognostic model and related lncRNAs in immunotherapy and anti-angiogenic targeted therapy. We first analyzed the expression of four pivotal immune checkpoints (PDCD1, CD274, PDCD1LG2, and CTLA4) in the high- and low-risk groups. There was no significant difference between the two groups (Figure 6C). On the other hand, we found that most of the six lncRNAs were not significantly correlated with these immune checkpoints except for DEPDC1-AS1. DEPDC1-AS1 showed positive correlation with PD-1 (R = 0.162, P = 0.00175), PD-L1 (R = 0.136, P = 0.019), or CTLA4 (R = 0.171, P < 0.001) (Figure 6D). Therefore, we suggested that the high-risk group might not be sensitive to immunotherapy.

As for the prediction of the efficiency of anti-angiogenic drugs, KDR (VEGFR-2) between the two groups showed a significant difference (P = 0.0314), but the VEGFR-2 expression in the low-risk group was higher compared with the high-risk group. In contrast, other anti-angiogenic targets showed no significant changes between the two groups (Figure 6E). Besides, only DEPDC1-AS1 and RP11-454K7.3 had a limited correlation with several anti-angiogenic targets (Figure 6F). Thus, we suggested that targeted therapy focusing on the above anti-angiogenic targets might be less effective for patients in the high-risk group.




Discussion

Over recent years, increasing numbers of lncRNAs have been discovered and investigated (32). lncRNAs have a vital role in various cellular and physiologic functions and have been strongly associated with the progression of human cancers (11, 12). For example, MALAT1, one of the most common oncogenic lncRNAs in NSCLC, has been reported to modulate miR-124/STAT3 and promote carcinogenesis (33). Moreover, MALAT1 can enhance epithelial–mesenchymal transition (EMT), increasing metastasis via the miR-204/SLUG axis in LUAD and promoting brain metastasis (34, 35). In contrast, another lncRNA, LOC285194, acts as a tumor suppressor that targets p53 and is associated with the KRAS/BRAF/SMEK pathway (36). These strongly emphasize the key roles of lncRNA in cancer biology. However, the prognostic values of lncRNAs in lung adenocarcinoma are still not fully understood. Herein, we first reported these six lncRNAs as potential oncogenes and verified their potential for predicting lung adenocarcinoma.

To date, various prognostic gene signatures for lung cancer prognosis have been identified. For example, a six-gene prognostic signature was developed for predicting disease-free survival (DFS) and OS in NSCLC via multivariate regression and stratification analyses (37). The AUC values of ROC curves for this six-gene signature predicting DFS were 0.713 in GSE31210, 0.727 in GSE37745, and 0.746 in GSE50081. Another nine-gene signature containing nine glycolysis-related genes was established, and the ROC curve analysis score in this nine-mRNA signature was 0.712 (38). In addition, a 22-gene signature and an 11-gene signature were reported to significantly dichotomize patients with different OS. The two signatures could serve as independent predictors of OS in lung adenocarcinoma and squamous cell carcinoma, respectively, and the AUC values of the risk score were 0.744 for the TCGA-LUAD cohort and 0.684 for the TCGA-LUSC cohorts (39). In our study, we built a LARSO prognostic model for LUAD, which included six novel lncRNAs (DEPDC1-AS1, RP1-290I10.3, RP11-95M5.1, CTD-2124B20.2, CTD-2168K21.1, and RP11-454K7.3). The best AUC values reached 0.77 for the 1-year ROC curve and 0.8 for the 3-year ROC curve in the validation set. Our prognostic model seemed superior to the above gene signatures on predicting OS of LUAD patients from the AUC values.

TNM is the essential prognostic factor for predicting lung cancer survival time and recurrence rates in the clinic, followed by indexes like sex, age, histological grade, and performance status (40). In our study, the LARSO consisting of six lncRNAs was correlated with performance status and TNM stage. A high LARSO value indicated a more severe stage. The AUC values of this model reached 0.78 in the 1-year ROC curve and 0.77 in the 3-year ROC curve in the validation set, suggesting that LARSO had a more effective performance for OS prediction. Therefore, a comprehensive examination of LUAD patients with high LARSO values should be performed to determine whether they have lymph node metastasis and distant metastasis. Moreover, the AUC value of NRS in the 3-year ROC curve could reach 0.8, further indicating that LARSO combined with stages and N stages could better predict the prognosis of LUAD patients compared with LARSO alone, which suggested to us that in the process of applying our prognostic model, if the clinical staging and N staging of patients cannot be clearly defined, such as the radiological examinations of patients could not determine their stage and they could not be further examined because of their poor basic condition or surgical contraindications, the LARSO could be used for the prediction of prognosis of the patients, while these patients who can obtain a clear stage and N stage could be predicted by the NRS. Due to the small sample size (48 pairs) and potential experimental errors involved in qRT-PCR, the prognostic values of the LARSO and NRS model were similar in the validation set. However, we built the NRS prognostic model by combing LARSO with stage score and N score, which showed a desirable capability for predicting the overall survival of LUAD patients, and the AUC values in NRS were improved compared with the LARSO prognostic model.

Our analysis of the GSEA and KEGG pathway found that these six lncRNAs were most correlated with cell cycle, DNA damage repair, or tumor cell metabolism, which provides hints for the molecular mechanism study about these lncRNAs in the future. As the fundamental requirement for homeostasis, the cell cycle has a vital role in tumor progression, mainly through cell-cycle kinases (cdks) (41), whereas DNA damage-response or DNA-repair genes with germline aberrations induce cancerous tendencies (42). Furthermore, the proliferation and metastasis of tumor cells are strongly influenced by surrounding cells in the tumor microenvironment. The communication between tumor cells and the surrounding cells, such as immune cells, mainly depends on the tumor and correlated cell metabolism (43).

Over the last decade, immunotherapy emerged and greatly changed the landscape of cancer therapy. Immune checkpoint inhibitors for targeted therapy such as anti-PD-1/PD-L1 have shown to be safe and effective against a certain type of cancer (44). In this study, we examined the role of six lncRNAs in tumor immune regulation. However, no significant correlation was observed between these lncRNAs and immune genes or immune-infiltrated cells. Therefore, we concluded that the high-risk group showing high LARSO values might not be sensitive to immunotherapy. In addition, an analysis of immune checkpoint expression between the high- and low-risk groups was also performed. Consistently, there was no significant change of immune checkpoint expression in the two groups, implying that current clinical immunotherapy with immune checkpoint inhibitors might be inefficient for LUAD patients with high LARSO values. Angiogenesis has a critical role in the progression and invasion of cancer cells. Anti-angiogenesis therapy, particularly anti-VEGF therapy, has shown to be effective against several tumors (45). In this study, we found a higher VEGFR-2 expression in the low-risk group than in the high-risk group (Figure 6E, P = 0.0314). Meanwhile, other anti-angiogenesis targets such as FGFR1, 2, 3, and 4 showed no significant change between the two groups. Thus, we concluded that LUAD patients with high LARSO values might not benefit from anti-angiogenesis targets and that alternative therapies are required.

This study has a few limitations. Firstly, no specific LARSO cutoff value was determined to define the high- and low-risk groups due to calculation variance of RNA-seq data or qRT-PCR. To solve this problem, LARSO cutoff values should be obtained in tests of a small set of samples and verified by large prospective clinical studies. Secondly, although we preliminarily verified the prognostic value of the LARSO model by using qRT-PCR assay, the sample size (48 pairs) was small. So, the value of this model needs to be further verified in large-scale clinical trials. Thirdly, the molecular mechanism, including cell cycle regulation, DNA damage repair, or tumor cell metabolism regulation, of the current model and six lncRNAs was not further investigated in the current study. In the future, we plan to investigate the roles of these lncRNAs based on in-vivo and in-vitro experiments referring to GSEA results. Finally, the LUAD patients we collected for validation were all diagnosed at stage IA–IIIB and feasible for surgery, so the efficiency of immunotherapy drugs and anti-angiogenic drugs were lacking for further evaluation. Nevertheless, analysis results of immune checkpoints or anti-angiogenesis targets in the LARSO high- and low-risk groups can still provide theoretical support for predicting the efficiency of correlated drugs. Also, further clinical trials need to be performed to verify whether high LARSO can be used as an indicator of drug resistance in immunotherapy as well as anti-angiogenesis therapy.



Conclusion

Six lncRNAs were identified by integrated bioinformatics analysis and further validated using clinical samples. These six lncRNAs have shown to be potential oncogenic and predictive factors of LUAD; a positive correlation was found between the risk of death and lncRNA expression. Furthermore, a prognostic signature was defined based on these six lncRNAs, showing adequate reliability and sensitivity in our study. In addition, we demonstrated that LARSO combined with stages and N stages could better predict the prognosis of LUAD patients compared with LARSO alone. These findings provide the theoretical basis for effective promotion and exploration of potential biomarkers for predicting LUAD prognosis.
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Worldwide, 18.1 million new invasive cancers and 9.9 million cancer deaths occurred in 2020. Lung cancer is the second most frequent (11.4%) and, with 1.8 million deaths, remains the leading cause of cancer mortality. About 1.7 million of lung cancers are of the non-small cell lung cancer (NSCLC) subtype, and of these, 60%–70% are in advanced stage IV at the time of diagnosis. Thus, the annual worldwide number of new NSCLC stage IV patients is about 1 million, and they have a very poor prognosis. Indeed, 25%–30% die within 3 months of diagnosis. However, the survival duration of the remaining 700,000 new patients per year surviving >3 months varies enormously. Surprisingly, little research has been done to explain these survival differences, but recently it was found that classical patient, tumour and treatment features cannot accurately distinguish short- and very long-term survivors. What then are the causes of these bewildering survival variations amongst “the same cancers”? Clonality, proliferation differences, neovascularization, intra-tumour heterogeneity, genetic inhomogeneity and other cancer hallmarks play important roles. Considering each of these, single or combined, can greatly improve our understanding. Another technique is analysis of the survival curve of a seemingly homogeneous group of cancer patients. This can give valuable information about the existence of subgroups and their biological characteristics. Different basic survival curves and what their shapes tell about the biological properties of these invasive cancers are discussed. Application of this analysis technique to the survival curve of 690 stage IV NSCLC patients with a 3.2–120.0-month survival suggests that this seemingly homogeneously group of patients probably consists of 4–8 subgroups with a very different survival. A subsequent detailed mathematical analysis shows that a model of 8 subgroups gives a very good match with the original survival curve of the whole group. In conclusion, the survival curve of a seemingly homogeneous group of cancer patients can give valuable information about the existence of subgroups and their biological characteristics. Application of this technique to 690 NSCLC Stage IV patients makes it probable that 8 different subgroups with very different survival rates exist in this group of cancers.
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Introduction

Worldwide, an estimated 18.1 million new invasive cancer cases and almost 9.9 million cancer deaths occurred in 2020. The average mortality rate of invasive cancers is therefore about 50%. Lung cancer, the second most frequently occurring cancer at 11.4%, with an estimated 1.8 million deaths, remains by far the leading cause of cancer mortality (1). Similar rates for lung cancer are found in the People’s Republic of China (2). About 1.7 million of the lung cancers are of the non-small cell lung cancer (NSCLC) subtype, and of these, 60%–70% are in advanced stage IV at the time of diagnosis. Thus, the annual worldwide number of new NSCLC stage IV patients is about 1 million and they are generally regarded as having a very poor prognosis. Indeed, 25%–30% die within 3 months of diagnosis. On the other hand, the survival duration of those remaining approximately 700,000 new patients per year surviving >3 months can vary enormously. In a recent large observational study, median survival was 23.3 months, 1-, 2- and 5-year survival rates are 74%, 49% and 16% respectively and 4%–5% survive 10 years and longer (3). The same surprising enormous survival variation can be found in patients with cancers from other organ sites, even if they have the same histological type, stage and other important prognostic characteristics.

What are the causes of these bewildering survival variations amongst “the same cancers”?

An important aspect is clonality. Cancer is an evolutionary process, driven by stepwise, somatic cell mutations with sequential, sub-clonal selection (4). Normal, polyclonal cells have approximately the same proliferation rate. However, sometimes genetic hits occur and change the polyclonal parent cell into neoplastic daughter cells with a new genetic make-up plus growth (proliferation) advantage. As a result, a very small nodule arises, consisting of cells which are genetically somewhat more unstable. Consequently, the risk of the development of another new cell clone with even more genetic instability and higher proliferation, and eventually invasive capacity, increases. These new tumour cells grow in densely packed populations that develop into spheroid or ellipsoid aggregates.

Another important aspect is neovascularization. This is an event that separates the development of any solid tumour into two stages: the avascular stage and the vascular stage. Because of this, angiogenesis plays a critical role in the biology of solid neoplasms. The two stages can be dissociated under experimental conditions. When this is accomplished and capillaries are prevented from penetrating the l-mm tumour, the tumour becomes dormant (5, 6).

This led to the concept of dormant cancers (7). Dormant solid tumours were produced in vivo by prevention of neovascularization. The beginning of an exponential volume increase was shown to coincide with vascularization of the implant. Although dormant in terms of expansion, these avascular tumours contained a population of viable and mitotically active tumour cells.

The transition from polyclonal to neoplastic cells probably occurs quite often. How long it takes to change from a 1mm diameter dormant tumour (consisting of approximately 1 million cancer cells) to a clinically detectable proliferating invasive cancer, of approximately 10 (7.5–15.0) mm (109 tumour cells), is less certain. From there to lethal metastases of 1,000 g (rough estimate), or 1012 cells, depends amongst other factors on intratumour heterogeneity (ITH) (8). Genomic diversity within single tumours has been recognized as “genetic inhomogeneity” (9). Since next-generation sequencing studies have become available, the full extent of genomic ITH is becoming apparent. The degree of ITH can be highly variable, with between 0 and over 8,000 coding mutations found to be heterogeneous within primary tumours or between primary and metastatic or recurrence sites (10). These findings make it more than likely that especially seemingly homogeneous late-stage cancers are, in fact, genetically widely heterogeneous, also in their clinical behaviour. The latter can be observed in the survival curve of these cancers.

It is of obvious clinical and therapeutic significance to understand why patients, with seemingly homogeneous cancers, have such different survival rates. Of course, often, age, gender, performance stage, histologic subtype, no/minimal versus heavy smoking and different treatment modalities are strongly prognostic. In pulmonary adenocarcinoma, the mean number of clonal and sub-clonal non-silent mutations in non-smokers is much smaller than in smokers (8). However, even when these well-established prognostic factors are all considered, also in a multivariate manner, it may not be possible to explain why certain patients die within a rather short time, while others survive for (very) many years, as we recently found. It is important to emphasize that the number of these patients worldwide is very large indeed.

We recently worked on an article on the survival prediction accuracy of prognostic factors in the seemingly homogeneous group of 690 stage IV NSCLC surviving patients between 3.2 and 120.0 months. In the original manuscript, we hypothesized that this group in fact consisted of several hypothetical subgroups with widely varying survival rates. This hypothesis was based on the interpretation of the survival curve of the patients (3).

Survival curves can give valuable information about the clinical behaviour and the biological characteristics of a group of cancer patients. Such biological interpretation of survival curves was common knowledge in the last 2–3 decades of the 20th century. In fact, the first author of the current manuscript taught this knowledge as a standard part of the curriculum for medical students in Amsterdam. However, the comments of the reviewers of our recent manuscript (3), on our remarks to identify different prognostic subgroups by analysis of the survival curve, made it clear that this survival curve analysis knowledge was not as well-known as we thought. Rather than writing a long new section in that article to explain how we had come to the hypothesis of the existence of 4–8 subgroups with different survival rates, it was advised by the Acting Editor of the revised version of the manuscript that the topic of Clinico-biologic Interpretation of Survival Curves would be interesting enough for a separate new manuscript.

This article will first describe different types of survival curves and how to analyse and classify them using essential hallmarks of cancer. Secondly, we will perform quantitative model studies to show that in seemingly homogeneous stage IV NSCLC patients with a 3.2–120.0-month follow-up, about 4–8 subgroups with very different survival rates occur.



Different Types of Survival Curves and Their Clinico-Biologic Interpretation

We will only consider tumours diagnosed as invasive carcinomas. Please remember that although the examples are hypothetical, many “real-world” examples can be found for each of them.

Basically 2 fundamental types of survival curves exist. The first one is shown in Figure 1. The cancer can be detected by the patients when the tumour reaches a certain size, or by radiologic and other screening methods. When the tumours are removed, histopathologic examination will show the invasive nature of the tumour. In the following years, none of the patients develop distant metastases; all survive without evident distant metastases.




Figure 1 | Invasive cancer group A. Survival curve with long follow-up. None of the patients develop/die from metastatic disease.



The second extreme example of a survival curve type is of patients with cancers, shown in Figure 2. One can think of small cell lung cancer. All have died from their metastases at the end of the observation period (which in the current hypothetical example was set at 23 months but can also be set at 6 or 12 months). They seem homogeneous at the start of the follow-up, yet they have considerable differences in survival rates. 60% have died by the 6-month follow-up, 20% between 6 and 12 months and the last 20% between 12 and 23 months.




Figure 2 | Invasive cancer group B All patients have died from metastatic disease within 24 months.



Figure 3 shows the third type of survival curve, which occurs quite often. 30% of this group dies within 6 months, 10% between 6 and 12 months and 12% between 12 and 23 months. The remaining 45% of the patients survive until the end of the observation period. Such a curve is found when patients from the 2 different groups A and B are taken together.




Figure 3 | Survival curve of the two patient groups A and B together. Note the initial rather steep decline, followed by an increasingly more horizontal plateau.



It can be concluded from the shape of the survival curves shown in Figure 3 that a group with a curve with an initial steep decline, followed by a horizontal plateau, consists of one subgroup with a long distant metastases survival and 3 other groups with a very poor, poor and less poor survival.

The most basic biologic interpretation of Group A and B is that they both show Invasion, as they are pathologically diagnosed as invasive cancers.

They also all have clonal expansion. Clonal expansion is not limited to invasive cancers but also occurs in non-invasive neoplasias, such as for endometrial intraepithelial neoplasia (11).

Cancers from Group B patients not only have invasive and clonal expansion properties, just like those from group A, but also all have distant metastases at the time of the diagnosis. That the net growth of these metastases differs in these group B cancers is clear from the shape of the survival curve, as most of the patients die from their metastases once these have reached a certain lethal level (which is on average 1–2 kg, although much greater weights can be found in individual patients). (Some patients will die from much smaller tumours if they are located at vitally essential locations, but these are exceptions). The 60% deaths in the first 6 months have on average reached their lethal metastatic mass within 6 months. Of course, the original volume at diagnosis may have varied, but the most important feature of these 60% of the tumours, compared with the other 20% dying between 6 and 12 months, is their higher net growth (the balance between the proliferation rates and death rates of the tumour cells). Likewise, the patients dying between 12 and 23 months again have a lower net growth rate. One can thus conclude that Group B tumours are both invasive, clonally expanding but also metastatic. One can further conclude from the survival curve of group B that it is not completely homogeneous but still consists of at least 3 subgroups with different proliferation rates (net growth speeds): very fast, fast and less fast.

A fourth type of survival curve is shown in Figure 4 of a hypothetical group D. At no point is a horizontal plateau found in the survival curve. Instead, at the end of the observation period 50% have died from distant metastases. On the other hand, the slope of the survival curve is much less steep than in the first, second and third subgroups of Group B. The conclusion is that patients of this group D all have distant metastases at the time of diagnosis, but with much lower net growth speeds than those of the subgroups of Group B. Alternatively, one could argue that the metastatic load of patients from Group B was much larger at the time of diagnosis. These 2 features cannot be discerned with the survival curves.




Figure 4 | Survival curve type 4. At no point is a horizontal plateau found. This means that all patients had (occult) metastases at the time of diagnosis. However, the growth speeds vary greatly, resulting in continuous deaths from lethal metastatic load.



Of course, such a linear curve can be found with different follow-up times, for example 10, 20 and 30 years. Examples are Hodgkin-type lymphomas and certain breast cancers.



Application of Survival Curve Analysis in Stage IV NSCLC

As described before, about 1.7 million of the lung cancers are NSCLC, and of these, 60%–70% are in advanced stage IV at the time of diagnosis. Thus, the annual worldwide number of new NSCLC stage IV patients is close to 1 million (3). 25%–30% die at <3 months. Yet, of those annually worldwide 700,000 NSCLC stage IV surviving >3 months, 10%–15% (70,000–105,000 new patients worldwide per year) survive >5 years. Surprisingly, little scientific attention has been paid to the question: which factors cause the good prognosis in these NSCLC stage IV-long survivors? In a non-interventional study of 998 consecutive first-onset stage IV NSCLC patients, a large group of 737 stage IV NSCLC patients with very long follow-up (survivals were 3.2–120.0 months), we investigated the accuracies of short- and long-term survival predictive values of baseline factors, radiotherapy (RT), platinum-based chemotherapy (PBT) and tyrosine kinase inhibitors targeted therapy (TKI-TT). Of the 737 patients surviving 3.2–120.0 months, 47 refused radiotherapy, platinum-based therapy and tyrosine kinase inhibitor-targeted therapy (TKI-TT). The median survival (16.1 months) of the 47 patients who refused PBT, RT and TKI-TT was significantly worse than of those with RT, PBT and/or TKI-TT (23.3 months, HR = 1.60, 95% CI = 1.06–2.42, p = 0.04). Of these latter 690 patients, 42% were females, 58% males, median age 63 (range 27–85) years, 1-, 2-, 5- and 10-year survival rates 74%, 49%, 16% and 5%, respectively. 16% were alive with disease (AWD) at the last follow-up. Pathology subtype (adenocarcinoma vs. all others), performance score, TNM substage, the number of PBT cycles and TKI-TT had independent predictive value. However, with the multivariate combination of these features, identification results of short-term non-survivors and long-term survivors were poor.

The shape of the survival graph of the 690 patients (Figure 5, left part) is curved. As described above, this suggests that the seemingly homogeneous group of 690 patients in fact is heterogeneous, i.e., is comprised of different subgroups with widely different survivals.




Figure 5 | Left: Survival curve of the whole group of 690 stage IV NSCLC patients with a 3.2–120.0-month follow-up, who had received conventional radiotherapy, platinum-based chemotherapy and tyrosine kinase inhibitor-targeted therapy.



A closer inspection of Figure 5, left part, shows the following:

	The survival line is almost straight and decreases steeply from 100% survival probability at the 3-month follow-up, to 70% at 12 months.

	From that point, the survival curve still goes down, but less steeply. This second nearly straight line is between 70% at 12 months and 45% survival probability at the 30-month follow-up.

	Then, after another bend, the curve is nearly straight between 45% and 28% survival probability (the latter is at about 45 months of follow-up). The slope of this third line again is less steep.

	Between 28% and 18% survival probability (follow-up at 45% and around 55–60 months), another nearly straight line can be discerned.

	Then, a somewhat less straight line from 18% to 10% can be observed from approximately 60 to 96 months of follow-up, respectively.

	Beyond the 96-month follow-up, the line is somewhat irregular, but roughly nearly horizontal from 10% to 5% (at the 120-month follow-up).



The right part of Figure 6 approximates the abovementioned graphically. For the sake of clarity, we have only drawn 4 tangent lines instead of 6.




Figure 6 | Right: Hypothetical delineation of the curved shape of the survival curve. See the text for details. For the sake of clarity, we have only drawn 4 tangent lines instead of 8.



The quantitative and graphical analyses described in the total group of 690 patients probably consists of different subgroups with different biological behaviour and survival rates.

It is important to note that these 690 individuals had the same histological type (NSCLC) and stage (IV). Thus, all had metastases at the time of diagnosis and also at the entry in this study, at least 3 months after the diagnosis. Yet, some died very quickly, (within 12 months), and others survived very long (5–10 years). The 690 “homogeneous” group in retrospect was heterogeneous, i.e., consisted of subgroups with different survival rates.

How many different subgroups exist in the 690 patients?

The Actual Observed survival curve gives important clues. Remember that 261 stage IV NSCLC patients from the same observation period had already died before the 3-month survival and are not considered in the current study. This explains why the survival curve of the 690 patients in Figure 7 starts at 100%/3-month follow-up. This point is called P.

	Closer observation shows that there are typical points in the graph, in which the slope of the survival curve shows a subtle change and becomes less steep. These points are shown in Figure 7 and are located at:

	Q: 70% survival/14-month follow-up,

	R: 40%/30 months,

	S: 18%/54–60 months

	T: 10%-5%/90–108 months. Note that the number of patients becomes quite low after 90 months of follow-up, which could have caused the less smooth shape of the curve between 90 and 120 months of follow-up.






Figure 7 | The survival curve of the 690 patients starts at Point P at 100% survival and 3 months of follow-up, as 261 other patients had already died within 3 months and are excluded from this study. From point P, the survival line shows a curved slope downward to the last point at 4% survival and 120 months of follow-up. At specific points in the survival curve, the slope shows a subtle change (i.e., becomes less steep). These points are denoted as Q, R, S and T. For details of these points, see text.



Linear (straight) lines can be drawn between these points (i.e., P–Q, Q–R, R–S, S–T). These are shown in Figure 8. These lines are slightly shifted in the figure, to make them more visible.




Figure 8 | Linear lines between points P–Q, Q–R, R–S, S–T. These lines are slightly shifted up and down, and to the left and right in the figure, to make them more visible.



Of course, the subgroups which these lines represent did not start to exist at their respective starting points Q, R, S but were all present in the total group at the start of study (i.e., at point P). Consequently, the lines from Figure 7 can be extrapolated from point P, as lines with the same slope, to the points where they cross the x-axis. These lines are shown in Figure 8 and represent the hypothetical subgroups.

From Figure 9, we can determine the Median Survival Time and Overall Survival Time, and the percentage and total number Alive With Disease for the 4 hypothetical subgroups. Table 1 and Figure 10 show these data.




Figure 9 | The original curved survival line is shown as small vertical black lines. The linear tangent lines of the curved survival line from Figures 7 and 8, between points P–Q, Q–R, R–S and S–T, are extrapolated from where they originally begun, at point P.






Figure 10 | The actual observed survival curve (light blue continuous line) with the results of the combination of the model with 4 hypothetical straight lines (dark blue broken line). Note that the match is not perfect.




Table 1 | The total number of 690 patients and the characteristics of the 4 hypothetical subgroups, derived from Figures 7–9.



As the match of 4 hypothetical subgroups was not perfect, we then repeated the modelling study for 8 subgroups. Table 2 shows the total number of 690 patients and their characteristics.


Table 2 | The total 690 stage IV NSCLC patients with 3.2–120.0 months of follow-up, divided into 8 hypothetical subgroups according to the linear tangent method (see text).



8 hypothetical subgroups are also determined by the linear tangent method used in Figures 7 and 8.

Figure 11 shows the survival curves of these 8 hypothetical subgroups.




Figure 11 | The survival curves of the 8 hypothetical subgroups.



Figure 12 shows that the match of the theoretical line, with the original survival curve of the 690 patients, is close to perfect.




Figure 12 | The actual observed survival curve (light blue continuous line) with the results of the combination of the model with 8 hypothetical straight lines (dark blue broken line). The similarity between the Actual Observed survival curve and the Hypothetical Calculated survival curve from the 8 hypothetical subgroups, with the linear survival curves from Figure 11, is remarkable.



In summary, the abovementioned shows that a combination of patients with linear non-curved survival curves with different survival rates can result in a curved survival line which is very close to the Actual Observed survival curve of the 690 patients. Secondly, it is highly probable that at least 4 and more likely 8 different subgroups with very different survival rates exist in the 690 NSCLC Stage IV patients.
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Local radiotherapy (LRT) is reported to be of survival benefit for advanced non-small cell lung cancer (NSCLC) in accumulating evidence, but research on the optimal initial time point remains scarce. This IRB-approved retrospective analysis identified patients diagnosed with stage IIIb–IV unresectable lung adenocarcinoma who initiated front-line LRT at our institution between 2017 and 2020. The receiver operating characteristic (ROC) curve analyses were used to cut off the initial time of LRT (before and beyond 53 days). Patients were divided into two groups: one early to initiate radiotherapy group (≤53 days, EAR group) and one deferred radiotherapy group (>53 days, DEF group). The Kaplan–Meier method was used to estimate time-to-event endpoints; the Cox proportional hazard model was used to find out predictors of progression-free survival (PFS) and overall survival (OS). A total of 265 patients with a median age of 57 were enrolled. The median follow-up time was 26.4 months (ranging from 2.2 to 69.7 months). The mOS was 38.6 months and mPFS was 12.7 months. Age >60, bone and brain metastases, multisite metastases, and EGFR 19 mutation were independent predictors associated with OS. Early initiation of local radiotherapy within 53 days after diagnosis resulted in better PFS, but not in OS. A better OS was observed in patients with bone metastasis who underwent local radiotherapy initiated within 53 days.
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Introduction

Lung cancer ranks only second to breast cancer in incidence and the top above any other cancer in mortality around the world, accounting for 18% of cancer deaths, according to GLOBOCAN 2020 data. Traditional surgical resection is the treatment of choice for patients with operable non-small-cell lung cancer (NSCLC) (1, 2). Patients with stage IIIb–IV unresectable NSCLC are seeing a dismal prognosis (2–5). Nevertheless, the springing up of molecular understanding and the development of molecular detection techniques within the last decade have refreshed the management for patients with NSCLC harboring oncogenic mutations (6, 7). Targeted therapeutic strategies, in addition to cytotoxic systemic chemotherapy over the past decade, have fostered a rising shift of survival benefit (8, 9).

Radiotherapy, along with other local ablative strategies, is regarded as efficient means to alleviating symptoms as well as promoting local lesion control in advanced NSCLC (10, 11). The emerging conception of oligometastases brought us more consideration for management of patients with limited number of metastatic lesions (12–14). Several remarkable prospective randomized trials have demonstrated the profit from local consolidative intervention not merely in local control but also in survival outcome for patients with advanced NSCLC. The first multi-institutional randomized trial led by the MD Anderson Cancer Center demonstrated the progression-free survival and overall survival benefit in local consolidative therapy compared with standard maintenance therapy (15, 16). Another randomized trial contemporaneously led by investigators at the University of Texas revealed that stereotactic ablative radiotherapy (SABR) in addition to induction systemic therapy and maintenance therapy prolonged progression-free survival (PFS) from 3.5 to 9.7 months (17). The third randomized trial that showed a considerable improvement in survival with the implementation of SABR for patients with oligometastatic disease was the SABR-COMET trial, of which NSCLC patients took up approximately 18% patients enrolled (18).

Even though reasonable trials indicate the impressive benefit that may be obtained through the implementation of local interventions, debate on its optimal timing remains scarce. Previous studies focused mainly on intervention in the process of consolidation section instead of earlier phases of treatment regimen during which time a little diversification may result in a large discrepancy later on. Thus, we hypothesized that earlier initiation of local radiotherapy for patients with stage IV NSCLC may offer better survival benefit. To address this hypothesis, we investigate the initial timing of radiation therapy and survival outcome of patients with stage IIIb–IV unresectable lung adenocarcinoma, with or without oncogenic mutations.



Materials and Methods


Patients

We conducted a retrospective study and reviewed the medical records of patients diagnosed with stage IIIb–IV unresectable lung adenocarcinoma at Shandong Cancer Hospital and Institute from January 2017 to March 2020. Patients eligible for this analysis should meet the following criteria: (1) stages IIIb–IV (according to the 7th edition of the American Joint Committee on Cancer staging system) pathologically diagnosed with lung adenocarcinoma; (2) treatment-naïve when at first diagnosis; (3) received local radiation therapy during front-line treatment; (4) aged 18 years or older, with a Karnofsky Performance Status (KPS) of 70 or higher; and (5) has adequate follow-up data. Patients were excluded when (1) with a history of non-standard treatment of immunotherapy; (2) with a history of local interventions other than radiotherapy; and (3) full dose and course of radiotherapy was uncompleted. Patient clinical data, including sex, age at diagnosis, time of diagnosis, Karnofsky Performance Status, status of T, N, M stages, metastasis sites, status of oncogenic mutations, systemic treatment regimen, initial time of radiotherapy, status and time of progression, and status and time of death were collected and collated from medical records (Figure 1). Data were cut off by August 22, 2021. This study was approved by the institutional review board of Shandong Cancer Hospital and was conducted in accordance with the Declaration of Helsinki. Informed consent to access the electronic medical record was obtained from each participant.




Figure 1 | Flowchart of the patient cohort. SCHI, Shandong Cancer Hospital and Institute; EAR, early to initiate radiotherapy group; DEF, deferred radiotherapy group.





Time Division

The initiation time of radiotherapy was calculated as the time interval from diagnosis to the initiation of radiotherapy. Logistic regression analyses were used to assess the initiation time of radiotherapy associated with disease progression. The receiver operating characteristic (ROC) curve analyses were used for the identification of the cutoff values of the time interval. The ROC curve with an area under curve (AUC) of 0.613 was obtained (Figure 2). The optimal cutoff values were determined using Youden’s index which was calculated as the maximum value of the formula: sensitivity – (1 – specificity). Subsequently, a Youden’s index of 0.217 and the cutoff value of 53 days were obtained. Then, the patients were divided into two groups based on this cutoff value: one early to initiate radiotherapy group (≤53 days, EAR group) and one deferred radiotherapy group (>53 days, DEF group).




Figure 2 | Receiver operating characteristic (ROC) curve for all initiation time of radiotherapy. The area under the curve (AUC) was 0.613.





Systemic Medication Regimen

Definitive systemic therapy has constantly been the cornerstone of the treatment paradigm for unresectable locally advanced or metastatic NSCLC. In lung adenocarcinoma, patients harboring oncogenic mutations can benefit from tyrosine kinase inhibitor (TKI) therapy. Others received conventional cytotoxic platinum-based chemotherapy. In real-world practice, next-generation sequencing can be time-consuming. Some of these patients thereby received cytotoxic chemotherapy ahead of TKIs in order to get timely treatment during their wait for genomic testing reports. This part of patients was grouped and classified into combination of “chemotherapy and targeted therapy” group in our analysis. All systemic therapy was administered using standard-of-care first-line regimens, with the choice of specific medications at the discretion of the oncologist. Patients who have received second-line or above systemic medication were excluded from our analysis. A fraction of patients received immunotherapy was also excluded, to avoid confounding that may be caused by inherent heterogeneities.



Procedure of Radiotherapy

All radiotherapy patients received was external beams via intensity-modulated radiation therapy (IMRT). All patients received standard prescription dose according to their respective stages. Patients enrolled to our analysis were treated using the same treatment planning system, standard procedures, and radiation dose constraints for organs at risk. Each individual gross tumor volume (GTV) was contoured referring to CT, MRI, and FDG-PET reports, then expanded up to 5 mm to clinical target volume (CTV), then another 5 mm to planning target volume (PTV). The prescription dose and fraction mode for different sites were determined by the treating radiologist, ranging from a palliative dose to a definite one based on tumor conditions. If multiple lesions were existing in close proximity, effort was made to treat them with one dose and fractionation. All radiation treatment plans were reviewed by a board consisting of a radiologist, radiographer, and medical physicist based on CB-CHOP standard before implementation. For patients who received more than one course of radiotherapy, only the initiation time of the first course was included into our analysis.



Follow-Up

Tumor stage was assessed by systemic imaging features: either contrast-enhanced computed tomography (CT) for the brain, chest, abdomen, and bone, or positron emission tomography/computed tomography (PET-CT) with brain magnetic resonance imaging (MRI). Patients’ response was measured by imaging technologies mentioned above and characterized by Response Evaluation Criteria in Solid Tumors (RECIST) for both the primary tumor and the metastatic sites of disease. Patients’ progression or survival conditions were followed up by telephone number extracted from medical records.



Statistical Analysis

Progression-free survival (PFS) was calculated as the time period from the date of treatment initiation to the date of disease progression, including progression in situ, in metastasis and new onset of metastatic site. Overall survival (OS) was calculated as the time period from the date of diagnosis to the date of death of any cause or the date of data cutoff. Descriptive statistics were used to summarize baseline characteristics. The chi-square test and Fisher’s exact test were used to compare categorical variables. The Kaplan–Meier method and log-rank tests were used for OS and PFS analyses as well as comparison of different groups. p < 0.05 was defined as statistically significant. All statistical analyses were performed using SPSS V26.0 (IBM Corporation, Armonk, NY, USA).




Results


Patient Characteristics

A total of 265 patients with stage IIIb–IV unresectable lung adenocarcinoma who underwent front-line full-course radiotherapy during the study period were enrolled. The patient characteristics are presented in Table 1. The majority of patients (142, 53.6%) were male. The median age was 57 years (range from 24 to 78 years), 165 patients (62.3%) aged under 60 years old and 100 (37.7%) above. Patients with a KPS score above 90 or 80 accounts for 46.8% and 49.1%, respectively, of all patients. Patients with unresectable locally advanced lung adenocarcinoma account for 17.7% of all patients enrolled. The most common site of metastasis was brain (61,23%) of all 265 patients, followed by multisite metastases (57,21.5%), no metastasis, and bone metastasis respectively (50,18.9%). Metastasis sites that were relatively infrequent were classified into other-site group (12,4.5%). Regarding oncogenic mutations, 38.1% patients bore no mutations, 25.7% patients bore EGFR 21, 19.2% EGFR 19, 3.8% ALK, and 13.2% other rare mutations. 154 patients who initiated radiotherapy within 53 days were allocated into the EAR group, and 111 patients that initiated radiotherapy beyond 53 days were allocated into the DEF group. Most of the patients received TKIs combined with chemotherapy in both EAR (56,36.4%) and DEF (36,32.4%) groups, as well as in all patients (92,34.7%). The stages of T and N and types of systemic regimen used are shown in Table 1.


Table 1 | Baseline patient characteristics.





Survival Outcome

The median follow-up time was 26.4 months (ranging from 2.2 to 69.7 months). 205 patients had disease progression (118 in the EAR group, 87 in the DEF group), and 172 patients were alive at the last follow-up (101 in the EAR group, 71 in the DEF group). The median OS (mOS) and median PFS (mPFS) for the cohort was 38.6 months (95% CI, 31.8–45.4) and 12.7 months (95% CI, 11.0–14.4), respectively. As shown in Figure 3A, the mOS for the EAR group and DEF group were 37.6 months (95% CI, 27.2–48) and 38.6 months (95% CI, 31.1–46.1), respectively. No significance was observed when comparing these two groups (HR 1.07, 95% CI 0.64–1.79, p = 0.931). The mPFS for the EAR group and DEF group is shown in Figure 3B. The mPFS for the EAR group was 14.4 months (95% CI, 12.7–16.0) and 9 months (95% CI, 6.5–11.4) for the DEF group. A remarkable significance in PFS was observed in the EAR group compared with the DEF group (HR 1.11, 95% CI 0.62–1.99, p < 0.001).




Figure 3 | Kaplan–Meier plots of (A) OS and (B) PFS in EAR and DEF, with numbers at risk shown below the graph. PFS, progression-free survival; OS, overall survival; CI, confidence interval, EAR, early to initiate radiotherapy group (≤53 days); DEF, deferred radiotherapy group (>53 days).



Of note, significant survival differences were noticed in other grouping methods in addition to different initial times of radiotherapy. The mOS for patients aged under 60 was 47.3 (95% CI, 34.3–60.4) and 27.7 (95% CI, 19.0–36.5) for patients aged above 60, with a significant better OS of the former group than the latter (HR 2.14, 95% CI 1.27–3.59, p = 0.005) (Figure 4A). The mOS for patients with a KPS score above 90, 80, and 70 was 47.3 (95% CI, 28.9–65.7), 37.6 (95% CI, 29.0–46.2), and 24.9 (95% CI, 23.6–26.3), respectively. The OS for the former group was significantly better than the latter two (Figure 4B). The mOS for patients who received chemotherapy, bevacizumab plus chemotherapy, TKIs, and TKIs plus chemotherapy was 41.9 (95% CI, 29.1–54.8), 37.6 (95% CI, 22.9–52.4), 30.0 (95% CI, 22.9–37.2), and 47.3 (95% CI, 31.7–63.0), respectively. The combination of the TKIs and chemotherapy group showed significant better OS compared with other groups (p = 0.008) (Figure 4C). The OS for patients who bore no oncogenic mutation, EGFR 19, and EGFR 21 was 32.8 (95% CI, 22.0–43.5), not reached, and 33.5 (95% CI, 23.8–43.2), respectively. The OS for patients with EGFR 19 mutation was significantly better than that of others (Figure 4D). The OS for patients with bone and brain metastases (25.2, 95% CI 17.8–32.6) was significantly worse than that of patients with other metastases (Figure 4E).




Figure 4 | Kaplan–Meier plots show percent overall survival categorized by (A) age, (B) KPS, (C) systemic treatment regimen, (D) oncogenic mutation, and (E) metastasis sites, with numbers at risk shown below the graph. PFS, progression-free survival; OS, overall survival, CI, confidence interval, Bev, bevacizumab; chemo, chemotherapy; TKIs, tyrosine kinase inhibitors.



To further investigate the beneficial populations from early initial radiotherapy, we subdivided patients by metastasis sites. Interestingly, the mOS were significantly improved with the use of early initial radiotherapy than deferred radiotherapy for patients with bone metastasis (56.7 versus 17.5 months, HR 4.46, 95% CI 1.28–15.61, p = 0.005) (Figure 5). Patients with EGFR mutations occupy nearly half of all patients. Subgroup analysis was added to the EGFR patient cohort. No significance was observed in PFS in the EAR group and DEF group (HR 0.71, 95% CI 0.45–1.14 p = 0.12), or in OS (HR 1.38, 95% CI 0.71–2.70 p = 0.357) (Figures 6A, B).




Figure 5 | The OS by bone metastasis. PFS, progression-free survival; OS, overall survival; CI, confidence interval, EAR, early to initiate radiotherapy group (≤53 days); DEF, deferred radiotherapy group (>53 days).






Figure 6 | The PFS (A) and OS (B) in EGFR mutant subgroup. PFS, progression-free survival; OS, overall survival; CI, confidence interval, EAR, early to initiate radiotherapy group (≤53 days); DEF, deferred radiotherapy group (>53 days).





Univariate and Multivariate Analyses on PFS and OS

On univariable analysis, T2, EGFR 19 mutation, systemic medication, and initial time of radiotherapy were associated with PFS (p < 0.1). On multivariate analysis, KPS ≥ 80 (HR 1.30, 95% CI 0.95–1.76, p = 0.09), T2 (HR 1.46, 95% CI 0.96–2.22, p = 0.07), and initial time of radiotherapy (HR 1.92, 95% CI 1.39–2.66, p < 0.001) were independent predictors associated with decreased PFS. The systemic treatment regimen of combination of TKIs and chemotherapy (HR 0.54, 95% CI 0.32–0.92, p = 0.02) was the independent predictor associated with favorable PFS (Table 2).


Table 2 | Univariable and multivariable analyses of covariables associated with PFS.



On univariable analysis, age >60, KPS ≥ 80, KPS ≥ 70, bone and brain metastases, multisite metastases, EGFR 19 mutation, and systemic treatment regimen of combination of TKIs and chemotherapy were associated with OS (p < 0.1). On multivariate analysis, age >60 (HR 1.48, 95% CI 0.94–2.31, p = 0.08), bone and brain metastases (HR 2.77, 95% CI 1.16–6.6, p = 0.02), and multisite metastases (HR 2.06, 95% CI 1.01–4.21, p = 0.04) were independent predictors associated with decreased OS. EGFR 19 mutation was an independent predictor associated with favorable OS (Table 3).


Table 3 | Univariable and multivariable analyses of covariables associated with OS.





Toxicity

The most common toxicity during the treatment course was hematologic toxicity for both EAR (43,27.9%) and DEF (33,29.7%) groups, which was mostly grade 2. The occurrence of gastrointestinal toxicity for two groups was 7.7% and 9.0%. The radiotherapy-related adverse events were mainly pneumonitis, esophagitis, and dermatitis. None of these toxicities mentioned above were statistically significant between two groups. Interestingly, the occurrence of radiation pneumonitis in the DEF group was statistically higher than that in the EAR group in our analysis (p = 0.01) (Table 4). All adverse events were tolerable when timely treated.


Table 4 | Toxicity profile for the EAR and DEF groups.






Discussion

Lung adenocarcinoma, especially with activating EGFR mutations, has better survival outcome among patients with unresectable NSCLC (19–21). Therefore, exploring an optimal implementation time point of local radiotherapy is meant for this group of patients. This analysis sought to find out the optimal initial timing of radiotherapy in unresectable stage IIIb–IV lung adenocarcinoma. To our knowledge, the present study is the largest one to statistically investigate the optimal initial timing of radiotherapy in unresectable stage IIIb–IV lung adenocarcinoma, and other independent factors associated with survival in the meantime. The results showed that earlier initiation of local radiotherapy did not prolong overall survival compared with deferred consolidative radiotherapy but significantly prolonged progression-free survival than the deferred one.

Several landmark trials have illustrated the benefit of local consolidative therapy. Ruysscher et al. conducted a prospective single-arm phase II trial to investigate the long-term outcome of adding a radical local treatment to systemic therapy in patients with oligometastatic NSCLC. After following up time for over 7 years, they reached the final analysis. The median overall survival was 13.5 months, and the median progression-free survival was 12.1 months (22, 23). Back then, the major systemic treatment was chemotherapy, and 95% of patients received chemotherapy as part of their front-line treatment in this trial. Gomez et al. conducted a prospective phase II clinical trial on patients with oligometastatic NSCLC, trying to assess the effect of the addition of local consolidative therapy to traditional maintenance therapy. The trial was terminated early due to the substantial efficacy improvement in progression-free survival, from 4.4 to 14.2 months, and overall survival from 17.0 to 41.2 months (15, 16). This finding supports for aggressive local therapy. Another phase II randomized clinical trial compared the efficacy of stereotactic ablative radiotherapy (SBRT) plus chemotherapy versus chemotherapy alone in non-driver gene addicted patients with limited metastatic NSCLC. The results showed a triple PFS in the SBRT-plus arm than chemotherapy alone (17). The trial was also stopped early after an interim analysis due to a significant improvement in PFS. An observational study conducted by Kwint et al. showed a favorable long-term PFS and OS in stage IV NSCLC treated with radical local treatment. The mPFS was 14 months and mOS was 32 months (24). For local consolidative stereotactic ablative radiotherapy (SABR) specifically to intrapulmonary lesions in stage IV NSCLC, the mPFS reached 34.3 months and mOS was not reached (25). Accumulating evidence from clinical trials, research, and translational investigations regarding the potentially curative roles of radiotherapy in advanced NSCLC is converted from palliative ones (26). For patients with unresectable locally advanced NSCLC, Niho et al. released a feasibility study JCOG0402 evaluating the efficacy of gefitinib plus thoracic radiotherapy after induction chemotherapy in 2012 and failed to meet their criterion for feasibility (27). Radiotherapy techniques have evolved over time. In 2020, Xu et al. conducted a retrospective analysis; the results showed favorable survival in the combination of TKIs and radiotherapy with a 6.7% incidence of grade 3 pneumonitis, which is acceptable (28). Another prospective phase II study LOGIK0902 was conducted to evaluate the efficacy and safety of gefitinib induction followed by chemoradiotherapy in EGFR-mutant locally advanced NSCLC. Results showed that the 2-year OS rate reached 90%, with no radiation pneumonitis or treatment-associated death (6). Herein, our results are basically in line with studies mentioned above. Patients who underwent early radiotherapy had significant longer mPFS compared with deferred consolidative radiotherapy, although no significant OS benefit was observed in our analysis for the entire cohort. In addition, patients aged under 60, with a KPS score over 90, systemically treated with combination of TKIs and chemotherapy or bore EGFR 19 mutation are seeing a preferable OS outcome in our analysis, respectively consistent with aforementioned studies.

Referring to the optimal initial time point of radiotherapy, about which clear answers are seldom seen, the present study used ROC to firstly statistically calculate the cutoff time point and performed a statistical analysis on this issue. The optimal initial time point of local radiotherapy was within 53 days after diagnosis, which results in a better mPFS outcome. Of note, patients with newly discovered progression may have developed the progression before their routine checkups during the follow-up process. Thus, the PFS discrepancy between the progression patients and the stable ones should have been slightly larger than we could have detected. For patients harboring TKI-sensitive EGFR mutations, Tang et al. found that the median time to maximal tumor shrinkage was 2 months in EGFR-mutated IIIB or IV NSCLC patients treated with EGFR-TKIs. They suggest local therapy to be adopted during this period (29). Ni et al. found that upfront brain radiotherapy before crizotinib for patients with advanced ALK-positive NSCLC postpones disease progression (30). Analogically, Shafie et al. observed a better intracranial progression-free survival in TKI-treated EGFR/ALK mutant NSCLC treated with early local therapy, regardless of the radiotherapy technique (31). A retrospective analysis observed that the mPFS was 36 months in the LCT plus TKI group and 14 months in the TKI-only group in metastatic NSCLC (32). Similar results were obtained from another retrospective analysis conducted by Xu et al. This study found survival benefit not merely in PFS in patients grouped by treatment modality but also in OS outcome (33). This was a result from stage IV patients. For a larger group including IIIb, the benefits still exist (34). Magnuson et al. conducted a retrospective multi-institutional analysis and found that deferral radiotherapy is associated with inferior OS in patients with EGFR-mutant brain-metastatic NSCLC (35). Wang et al. found a better intracranial progression-free survival (iPFS) but similar OS in upfront intracranial radiation for patients with EGFR-mutant, brain-metastatic NSCLC (36). Similarly, a prolonged time to treatment failure (TTF) and central nervous system progression-free survival (CNS-PFS) for EGFR-mutant NSCLC patients with CNS metastases with upfront brain radiotherapy was found by Saida et al. (37). In our analysis in the EGFR-mutant patient cohort, the PFS of the EAR group is superior to that of the DEF group, but no statistical significance was found in PFS nor in OS between the EAR and DEF groups, possibly because patients with EGFR mutations had better disease control and prognosis than those mutant-free (38), so the initial time point of local intervention had little impact on the overall disease progression. Additionally, and surprisingly, for patients with bone metastasis, early initiation of local radiotherapy is responsible for a preferable OS outcome in our analysis. The principle behind this phenomenon remains to be further explored.

In addition to survival benefits, consideration of toxicities is also a vital aspect when making treatment decisions. Severe adverse events can be a major obstacle to prevent patients from accomplishing a full-course treatment. Previous studies showed the potential increasing risk of toxicities for the combination of radiotherapy with other treatment alternative. Jia et al. reported an increasing risk of radiation pneumonitis in patients with a longer overlap time treated with TKIs and radiotherapy (39). Yet no evident higher occurrence of radiation pneumonitis was observed in the EAR group of our cohort. Quite the reverse, the occurrence of pneumonitis in deferred radiotherapy was higher than that in early-to-initiate radiotherapy in our analysis. The inner relations remain unexplained.

Our analysis has several limitations. Although our robust and detailed datum collection and collation about timing of diagnosis, various treatments, and relapse allowed us to thoroughly evaluate the outcomes of patients in the cohort, the types and extent of treatment patients received varied, and posterior treatment after relapse differed, which could produce unmeasured confounding factors into the subsequent assessment of long-term outcomes. Due to limited conditions, no external dataset was available for any kind of external validation. This results in a high risk of deviation from the cutoff values. Therefore, the conclusion has to be considered carefully and interpreted with caution when guiding doctor conduct. Furthermore, although our cohort represented the largest statistical analysis of optimal initial timing of radiotherapy, it was a selected group of patients with appropriate performance status and comorbidities, the majority of whom underwent first-line radiotherapy, presumably indicating their bipolar conditions of either unbearable local symptoms or physically permitted addition of local therapy. Imbalances in baseline characteristics among sex, M stage, and metastasis sites existed. However, due to the limited number of cases and efforts to avoid loss of available survival data, Cox proportional-hazard analysis was performed, and hazard ratios were calculated to adjust baseline characteristics of the two groups instead of the propensity score matching (PSM) method. In addition, the follow-up time of some patients in our cohort was not long enough for survival data; luckily, the proportion of these patients did not interfere with statistical analysis. Finally, the lack of comparator groups of patients who did not receive any radiation therapy may impede us from distinguishing the true benefit from early radiotherapy.



Conclusions

In this retrospective single-institution study of 265 patients with stage IIIb–IV unresectable lung adenocarcinoma who underwent front-line local radiotherapy, mOS was 38.6 months and mPFS was 12.7 months. Age >60, bone and brain metastases, multisite metastases, and EGFR 19 mutation were independent predictors associated with OS. The early initiation of local radiotherapy within 53 days after diagnosis resulted in better PFS but no OS outcome. A better OS was observed in patients with bone metastasis who underwent local radiotherapy initiated within 53 days.
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Purpose

To compare the survival difference among lobectomy, segmentectomy, and wedge resection and investigate the role of adjuvant chemotherapy for early-stage small-sized non-small cell lung cancer (NSCLC) with visceral pleural invasion (VPI).



Methods

Patients diagnosed with stage IB peripheral NSCLC with VPI and ≤3 cm in size in the Surveillance, Epidemiology, and End Results database between 2004 and 2015 were included, and the pleural layer (PL) invasion status was identified to recognize the tumors with VPI, including PL1 and PL2. We conducted Cox proportional hazards model in multivariable analysis and subgroup analysis via propensity score matching (PSM) method and Cox regression method to figure out the optimal therapy for these patients.



Results

A total of 1,993 patients were included, all of whom received surgery, and the median follow-up was 33 months (range, 1–83 months). In multivariable analysis, age, gender, histology, pathological grade, lymph node examination, surgical approaches, and radiotherapy were independent prognostic factors for overall survival (OS). Lobectomy was superior to sublobar resection [hazard ratio (HR) = 1.41; 95% CI, 1.08–1.83], and wedge resection was associated with impaired survival compared to lobectomy (HR = 1.64; 95% CI, 1.22–2.20) in PSM analyses. In subgroup analysis, lobectomy was superior to sublobar resection among those aged <70 years (HR = 1.81; 95% CI, 1.13–2.90), female (HR = 1.75; 95% CI, 1.21–2.53), and 1–20 mm in size (HR = 1.61; 95% CI, 1.11–2.33). No survival benefit was observed for adjuvant chemotherapy.



Conclusions

Lobectomy was superior to wedge resection and comparable with segmentectomy for stage IB NSCLC (≤3 cm) with VPI, and adjuvant chemotherapy could not benefit these patients, even in those with sublobar resection. The preferred surgical procedure remains to be studied in prospective controlled trials.
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Introduction

Visceral pleural invasion (VPI) was announced as the poor prognostic factor for early-stage non-small cell lung cancer (NSCLC), and previous research indicated that the T category of TNM classification would be further evaluated by VPI extent (1–4). A tumor ≤3 cm in size with VPI and lymph node negative would be upstaged to T2, even though a tumor 3–5 cm in size without other clinicopathological characteristics specified was still T2 disease in the eighth edition of TNM classification (4). VPI could be identified on conventional CT images by pleural tags preoperatively that might increase the accuracy of early diagnosis of VPI (5). A population-based study carried out between 1989 and 2003 by the California Cancer Registry, including 10,545 patients with stage IB NSCLC, announced that around 20% of patients were classified as stage IB resulting from VPI, hilar atelectasis, or obstructive pneumonitis, even though they were ≤3 cm in size (6). Modified Hammar Classification suggested that a tumor invading beneath the elastic layer was referred to as pleural layer 0 (PL0), PL1 as invading beyond the elastic layer, PL2 as invading the pleural surface, and PL3 as invading the parietal pleura, among which PL1 and PL2 were T2 descriptors (7, 8). While prior research indicated that the adverse effect of VPI might be mainly distributed in NSCLC with N0 disease and 1–3 cm in size, the additional effect of invasiveness on VPI was found weakened with N stage upstaging and tumor size increasing (9). Furthermore, a multicenter retrospective study investigated 639 patients with completely resected NSCLC and found that the survival difference in N0 disease was only observed between PL0 and PL1 (P = 0.003) but not between PL1 and PL2 (P = 0.97) (10). Therefore, the role of VPI in small-sized early-stage NSCLC needs to be established further.

Surgical resection with lymph node dissection was the recommended standard treatment for early-stage NSCLC, and adjuvant chemotherapy might be considered for operable stage IB NSCLC postoperatively, especially when patients were identified with several high-risk clinicopathologic characteristics, including large tumor size (>4 cm), VPI, lymphovascular invasion (LVI), and high-grade histology (4, 11–13). Current randomized controlled trials seldom evaluated the surgical approaches for node-negative NSCLC with VPI, and the preference between lobectomy and sublobar resection has not been determined (14, 15). In the subgroup analysis of the newly published systematic review, including 8,447 patients from 34 trials, an improved 5-year OS from 55% to 60% was noticed resulting from adjuvant chemotherapy in stage IB NSCLC (16). However, there was no significant survival benefit for adjuvant chemotherapy observed among stage IB patients in a large pooled analysis (HR = 0.93; 95% CI, 0.78–1.10) and majority of the randomized controlled trials but effective in stage II and IIIA patients or those with lymph node positive or a larger tumor size (17–20). Moreover, the stage IB patients might be impaired in survival when receiving adjuvant chemotherapy compared with postoperative observation (P = 0.021) (21). Nevertheless, Strauss et al. (22) suggested that adjuvant chemotherapy was potentially effective in stage IB malignancy among those with large tumor size (>4 cm).

Although the aggressiveness of VPI has been widely studied, the favorable treatment modality for small-sized node-negative NSCLC with VPI has not been described. The purpose of this study was to compare the survival difference among lobectomy, segmentectomy, and wedge resection and investigate the role of adjuvant chemotherapy for stage IB peripheral NSCLC with VPI and ≤3 cm in size via propensity score matching (PSM) method in the Surveillance, Epidemiology, and End Results (SEER) database, which has been operated since 1973 by the National Cancer Institute.



Methods


Patient Selection and Data Extraction

We identified the patients from the SEER database via SEER Stat (version 8.3.8; www.seer.cancer.gov) in February 2021 with the identifier 11151-Nov2019. This research was accorded with the amended Declaration of Helsinki, and consent from patients and research ethics approval were not required due to the data anonymization in the SEER database and elimination of patient identification. Patients diagnosed with stage IB peripheral NSCLC with VPI and ≤3 cm in size between 2004 and 2015 were included, and the inclusion and exclusion criteria were shown in a flowchart (Figure 1).




Figure 1 | The process of data extraction from the Surveillance, Epidemiology, and End Results (SEER) database and the following propensity score matching (PSM) analyses. ICD-10, International Classification of Diseases, Tenth Revision; ICD-O-3, International Classification of Disease for Oncology, Third Edition; NOS, not otherwise specified; vs., versus.





Data Curation and Study Variables

Demographics, baseline characteristics, and treatment modalities were extracted, including age, gender, race, marital status, primary site, laterality, the total number of in situ tumors, tumor size, histology, pathological grade, the status of lymph nodes examined, chemotherapy, and radiotherapy. Cancer staging was in terms of the seventh edition of the American Joint Committee on Cancer Staging Manual, and the histological classification was in accord with the third edition of the International Classification of Disease for Oncology. We excluded centrally located tumors and diligently identified peripheral malignancies. We identified the pleural layer (PL) invasion status (site-specific factor 2; code: PL1/2) in the SEER database to identify the tumors with VPI. Age was divided into two cohorts determined by the median value of the study population. Those who were still alive at the end of the follow-up were considered censored when conducting survival analysis.



Statistical Analysis

Demographics and baseline characteristics were compared via χ2 or ANOVA test. Considering the potential prognostic heterogeneity of those with radiotherapy compared to those without, we eliminated the patients with radiotherapy in further survival analyses. We first conducted Kaplan–Meier analyses to determine the prognostic factors in the study cohort, and the variables with P-value <0.2 were admitted to the multivariable analysis. We identified independent prognostic factors via Cox proportional hazards model in multivariable analysis, which accorded with the assumption of proportional hazards. Then, we conducted five PSM analyses (Figure 1), which referred to lower potential bias for nonrandomized patient selection. We conducted the nearest-neighbor matching method and logistic regression in PSM analysis (one unit matched to one unit), and the caliper was set to 0.2. After matching, all these covariables were balanced in each subgroup analysis, including age, race, gender, marital status, the total number of tumors, tumor size, histology, pathological grade, the status of lymph nodes examined, and surgical procedures, which were also assessed by standardized mean difference. In subgroup analysis, sublobar resection was first investigated instead of segmentectomy and wedge resection. The relative hazard ratio (HR) in subgroup analysis was determined by univariable analysis. A P-value <0.05 was identified as statistical significance, and all statistical analyses were performed using R 3.6.1 (R Foundation for Statistical Computing, Vienna, Austria) and R packages (tableone, MatchIt, Hmisc, rms, survival, survminer).




Results

A total of 1,993 patients were included in the primary study cohort with a median age of 70 years (range, 35–96 years), 80 (4.0%) of whom received radiotherapy. All patients received surgery, in which 1,420 (71.2%) received lobectomy, 116 (5.8%) received segmentectomy, and 457 (22.9%) received wedge resection (e-Table 1). In the primary study cohort, the median follow-up was 33 months (range, 1–83 months). The 1-, 3-, and 5-year overall survival (OS) rate was 92.8%, 73.9%, and 60.8%. As divided by surgical approaches, the 5-year OS rate of those with lobectomy, segmentectomy, and wedge resection was 66.0%, 51.8%, and 46.7%, respectively. Then, we eliminated the patients with radiotherapy from the preliminary study cohort, contributing to the exact study population, and conducted survival analyses.

In multivariable analysis, age, gender, histology, pathological grade, lymph node examination, and surgical approaches were independent prognostic factors with regard to OS (Table 1). Age over 70 years (HR = 1.75; 95% CI, 1.47–2.10; P < 0.001), male (HR = 1.29; 95% CI, 1.09–1.52; P = 0.003), 21–30 mm (HR = 1.19; 95% CI, 1.00–1.41; P = 0.048), squamous cell carcinoma or other histology types (HR = 1.31; 95% CI, 1.10–1.56; P = 0.002), and receiving wedge resection (HR = 1.31; 95% CI, 1.05–1.63; P = 0.017) were associated with poor OS.


Table 1 | Univariable analysis and multivariable analysis of the study population regarding overall survival and cancer-specific survival.



We first compared the OS concerning surgical approaches between lobectomy and sublobar resection via PSM method, and lobectomy performed better (HR = 1.41; 95% CI, 1.08–1.83; P = 0.011; Figure 2A). In the comparisons of survival difference among these three surgical procedures (e-Table 3), only wedge resection was significantly inferior to lobectomy (HR = 1.64; 95% CI, 1.22–2.20; Figure 2B), and there was no statistical difference in the remaining (segmentectomy vs. lobectomy, P = 0.735; wedge resection vs. segmentectomy, P = 0.746; Figures 2C, D). No positive findings could be concluded in further subgroup analyses with regard to the three surgical procedures (e-Table 4).




Figure 2 | Kaplan–Meier curves comparing the overall survival after lobectomy and sublobar resection (A) lobectomy and segmentectomy (B) lobectomy and wedge resection (C) and segmentectomy and wedge resection (D) among the entire study population after propensity score matching.



The OS of the patients treated with lobectomy was significantly superior to those treated with sublobar resection among those aged less than 70 years (HR = 1.81; 95% CI, 1.13–2.90), female (HR = 1.75; 95% CI, 1.21–2.53), and 1–20 mm in size (HR = 1.61; 95% CI, 1.11–2.33; Table 2, Figure 3). We also compared the three surgical approaches among those over 70 years in the subgroup analysis (e-Table 5), and even adjusting for propensity scores, we could not identify the favorable surgical approach that was superior in long-term survival (e-Table 6; all P-values >0.05).


Table 2 | Subgroup analysis of surgical approaches and adjuvant chemotherapy in overall survival via Cox regression analysis after propensity score matching.






Figure 3 | Kaplan–Meier curves comparing the overall survival between lobectomy and sublobar resection in the cohort subgrouped by age [(A) ≤70 years; (B)] >70 years) and tumor size [(C) 1–20 mm; (D)] 21–30 mm) after propensity score matching.



To investigate the efficacy of adjuvant chemotherapy, we conducted PSM analysis in the exact study population and patients with sublobar resection in sequence, and the clinical characteristics were shown (e-Tables 7, 8). There was no survival benefit observed (e-Figure 1) and so as in subgroup analysis (Table 2). When stratified by tumor size, no statistical difference was observed (1–20 mm, P = 0.105; 21–30 mm, P = 0.168; Figure 4).




Figure 4 | Kaplan–Meier curves comparing the overall survival among those with or without adjuvant chemotherapy in the cohort subgrouped by age [(A) ≤70 years; (B)] >70 years) and tumor size [(C) 1–20 mm; (D)] 21–30 mm) after propensity score matching.





Discussion

Lobectomy with mediastinal systematic lymph node dissection was the standard treatment for early-stage NSCLC, while sublobar resection was likely to be recommended in the small-sized malignancy considering the postoperative cardiopulmonary reserve. However, it remained confused as how to take the tumor size and VPI into account when making clinical decisions because VPI was considered as a poor prognostic factor in the small-sized NSCLC (≤3 cm) (2). We could identify the patients with possible VPI via conventional CT images by pleural tags (5), and thus, the result of preoperative VPI detection might be taken into consideration in preoperative conference on surgical procedures. Thus, we investigated the survival benefit from three surgical procedures and role of adjuvant chemotherapy for small-sized NSCLC with VPI. Lobectomy was likely to be superior to wedge resection and comparable to segmentectomy for stage IB NSCLC (≤3 cm) with VPI, and wedge resection was associated with impaired survival. Adjuvant chemotherapy might not improve the prognosis even in those who received sublobar resection.

Our results revealed that lobectomy might be associated with improved survival compared to sublobar resection, especially in tumors ≤20 mm, while lobectomy was comparable to segmentectomy, which was partly in line with the study by Schuchert et al. (14). Schuchert et al. (14) retrospectively reviewed 899 patients with stage I NSCLC with segmentectomy or lobectomy, in which the data were collected prospectively, and they found that lobectomy was superior to segmentectomy among stage IB patients with VPI (median OS, 29.6 vs. 22.7 months; P = 0.048). However, our findings were supposed to be interpreted with caution. Most of the sublobar resections were wedge resections that would skew the results of the cohort toward a poorer outcome. Besides, we could only identify the impaired survival from wedge resection when investigating these three surgical procedures in the subgroup analyses, with no other positive findings concluded. Moon et al. (15) found that survival was comparable between lobectomy and sublobar resection for stage I NSCLC ≤2 cm with VPI or LVI, and the dissected lymph node count might be responsible for the recurrence (HR = 0.914; 95% CI, 0.845–0.988). Hsu et al. (23) further indicated that more than 14 lymph node removement might be associated with survival improvement. We postulated that lobectomy was associated with more lymph node removement during surgery, and thus, survival benefit might result from the extensive intrapulmonary lymph node resection (24, 25). Secondly, lobectomy was favored in tumors no more than 20 mm but had not shown significant efficacy in tumors 20–30 mm. It might be referred to the inherent aggressiveness of the tumor ≤20 mm surpassing those with 20–30 mm in size that tumor could invade the visceral pleural layer when they were in a small size, and lobectomy might demonstrate improved survival for more aggressive malignancy compared with sublobar resection. The superior outcome of the lobectomy cohort in the smaller tumor group could also be explained by a greater proportion of wedge resections being performed for those tumors <2 cm, and more segmentectomies for those tumors >2 cm resulting in oncologic outcomes approximating lobectomy.

Furthermore, we could not conclude the favorable surgical approach in the elderly patients regarding long-term survival, which was in line with prior research (26), and might be attributed to a low malignant behavior of the tumor among the elderly compared with younger patients (27). Several studies claimed that the OS was not associated with the pathological stage in the elderly, and quite a few elderly patients might die of non-cancer-related causes, and thus, complete tumor resection was only a part in improving the prognosis (26, 28). Considering the preoperative comorbidities and postoperative complications of elderly patients, sublobar resection might be recommended among those over 70 years, which was in agreement with previous research (12, 29, 30).

In our research, adjuvant chemotherapy was not associated with improved survival even in those who received sublobar resection. A large population-based study was conducted between 2003 and 2006 via the National Cancer Database, which included 34,360 patients with T1-2N0M0 NSCLC, and no survival benefit was found among patients with ≤3 cm in size (31). In the study, they merely identified the efficacy of adjuvant chemotherapy grouped by tumor size, instead of subgrouping the small-sized tumors (≤3 cm) by the high-risk factors (including VPI), and thus, the potential beneficiary might be neglected. A large retrospective cohort study, including 50,814 patients with node-negative early-stage NSCLC, also indicated that survival benefit was not noticed in those who received chemotherapy with ≤3 cm in size (HR = 1.10; 95% CI, 0.96–1.26), while chemotherapy was associated with improved survival in 3–4 cm (only in those who received sublobar resection), 4–5 cm (VPI, LVI, or high-grade histology), and >5 cm (regardless of VPI, LVI, or high-grade histology) (13). However, a pooled analysis of systematic review, including six studies, found that the survival was comparable between tumor size ≤3 cm with VPI and 3–5 cm without VPI, and they suggested that stage IB NSCLC with 3–5 cm in size and VPI might be the candidate of adjuvant chemotherapy (2). Therefore, as claimed in our research and in agreement with current guideline (32), the role of adjuvant chemotherapy was still undefined in small-sized NSCLC with VPI, and there were several explanations for the negative findings regarding the efficacy of adjuvant chemotherapy, including the offset of survival benefit and adverse effect from chemotherapy, and the limited quantity of stage IB patients receiving chemotherapy. Our study helped to investigate the role of adjuvant chemotherapy in small-sized NSCLC with VPI, and it reminded that the potential beneficiaries of chemotherapy might be further subgrouped by other baseline characteristics that were not studied above, including performance status and pulmonary function.

Now that the statistical difference was limited when we evaluated the survival difference with respect to surgical approaches and adjuvant chemotherapy, some other clinicopathological characteristics might interfere with the survival benefit. Okada et al. (33) reviewed 498 node-negative NSCLC (227 pure-solid and 271 part-solid) with VPI and ≤3 cm in size, and they concluded that VPI was associated with poor survival in pure-solid tumors (HR = 2.129; 95% CI, 1.048–4.132), but not in part-solid tumors (HR = 0.925; 95% CI, 0.050–4.920). Considering VPI had a negative effect on pure-solid tumors, the association between VPI and solid components was likely to be further investigated. Liang et al. (34) conducted a retrospective study, including 1,055 resected NSCLC with elastic layer staining and found that the disease-free survival (DFS) and OS were comparable in tumors with either PL1 or PL0 (DFS, P = 0.468; OS, P = 0.388). They proposed that the tumors with ≤3 cm in size and PL1 were supposed to be defined as stage T1, and adjuvant chemotherapy might not improve the prognosis (34), which was in line with the previous study (35). Nevertheless, Kawase et al. (36) suggested that a significant survival difference was observed between PL0 and PL1, and PL1 and PL2, while Wo et al. (9) concluded that there was no significant difference in survival between PL1 and PL2. Qian classified the stage I lung adenocarcinoma into three risk stratifications, and they claimed that most patients pertained to be the intermediate-risk population proved by a prognostic model, including six clinicopathological characteristics (age, sex, tumor size, pathological subtype, VPI, LVI) (37). It might explain why no significant survival benefit was observed in those with adjuvant chemotherapy, and in this way, the definite clinicopathological characteristics for risk stratifications might be further investigated. However, with current available evidence, adjuvant chemotherapy may not be suggested for small-sized NSCLC with VPI.

There were several limitations in our research. Firstly, several variables were not available in the SEER database, which might lead to some bias in our conclusions, including performance status, pulmonary function, imaging data, and whether surgery was video-assisted thoracoscopic surgery. Secondly, due to the inherent insufficiency of a retrospective study, we could hardly perform a randomized selection of patients, for which we dedicated to balance the baseline characteristics via PSM analysis, and thus, we also tried to avoid making any definite recommendations about treatment modality.



Conclusion

Lobectomy was likely to be superior to wedge resection and comparable to segmentectomy for stage IB NSCLC (≤3 cm) with VPI, and wedge resection was associated with impaired survival. Adjuvant chemotherapy might not be associated with improved survival, even in those with sublobar resection. However, our findings might be interpreted with caution and require further validation in prospective controlled trials.
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Background

Tumor-associated macrophages are important components of the tumor microenvironment, and the macrophage phenotypic switch has been shown to correlate with tumor development. However, the use of a macrophage phenotypic switch-related gene (MRG)-based prognosis signature for lung adenocarcinoma (LADC) has not yet been investigated.



Methods

In total, 1,114 LADC cases from two different databases were collected. The samples from TCGA were used as the training set (N = 490), whereas two independent datasets (GSE31210 and GSE72094) from the GEO database were used as the validation sets (N = 624). A robust MRG signature that predicted clinical outcomes of LADC patients was identified through multivariate COX and Lasso regression analysis. Gene set enrichment analysis was applied to analyze molecular pathways associated with the MRG signature. Moreover, the fractions of 22 immune cells were estimated using CIBERSORT algorithm.



Results

An eight MRG-based signature comprising CTSL, ECT2, HCFC2, HNRNPK, LRIG1, OSBPL5, P4HA1, and TUBA4A was used to estimate the LADC patients’ overall survival. The MRG model was capable of distinguishing high-risk patients from low-risk patients and accurately predict survival in both the training and validation cohorts. Subsequently, the eight MRG-based signature and other features were used to construct a nomogram to better predict the survival of LADC patients. Calibration plots and decision curve analysis exhibited good consistency between the nomogram predictions and actual observation. ROC curves displayed that the signature had good robustness to predict LADC patients’ prognostic outcome.



Conclusions

We identified a phenotypic switch-related signature for predicting the survival of patients with LADC.
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Introduction

Lung cancer is the most prevalent cancers with the highest mortality worldwide (1). Non-small cell lung cancer (NSCLC) accounts for nearly 90% of lung cancer cases and is divided into three main types, lung adenocarcinoma (LADC), lung squamous cell carcinoma, and large cell carcinoma (2). As the most prevailing histological type of NSCLC, LADC comprises up to 40–50% of all lung cancer cases (3, 4). Despite the tremendous effort aimed at discovering predictors of recurrence risk that allow prompt therapeutic intervention, most patients are diagnosed with advanced-stage diseases and different types of distant organ metastases (5); thus, the overall 5-year survival rate of LADC remains at approximately 15% (6). This might be primarily due to the high heterogeneity of LADC and the advanced disease stage at which the patients are diagnosed (7).

Advancements in high-throughput sequencing technologies present novel therapeutic strategies for lung cancer (8). Thus, mining genes with LADC prognostic value is necessary to better help improve risk-stratification of patients based on the clinical outcome and develop novel therapeutic targets.

The tumor microenvironment (TME) represents the extra-cellular environment in which tumor cells reside and it comprises tumor cells, immune cells, extracellular matrix, and growth factors (9). TME plays a crucial role in the progression and migration of LADC (10). Macrophages within the TME, termed tumor-associated macrophages (TAMs), are an important component of the TME (11). TAMs can be polarized to M1/M2 phenotypes based on their functional status as induced by the microenvironment (12). M1 macrophages, highly expressed major histocompatibility complex class II, CD68 labeling and CD80/CD86 costimulatory molecules, located within tumors are thought to induce tumor suppression by activating anti-tumor immunity (13). However, most TAMs in the TME manifest an M2-like phenotype (characterized by up-regulated expression of CD200R membrane glycoprotein, Arg-1, YM1, Fizz1 and other receptors) that facilitates immunological tolerance and promotes tumor progression (14). Tumor cells recruit macrophages by releasing various chemokines, cytokines, and growth factors, and they develop them into pro-tumorigenic M2 macrophages. Therefore, the macrophage phenotypic switch is correlated with tumor development, whereas macrophage phenotypic switch-related genes (MRGs) might provide insightful information to estimate LADC patients’ prognosis.

Herein, we analyzed the MRG expression alterations obtained from The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) databases regarding LADC patients and identified dysregulated MRGs with prognostic value. Furthermore, we developed a novel and robust gene prognostic signature based on the identified dysregulated MRGs. Finally, a prognostic nomogram integrating the signature and multiple clinical parameters meant to estimate the overall survival (OS) of LADC patients was developed. These results might be meaningful for the development of comprehensive therapeutic approaches for LADC patients.



Methods


Data Collection

The transcriptome profiles and corresponding clinical data of LADC patients were downloaded from TCGA (https://portal.gdc.cancer.gov/) and GEO (https://www.ncbi.nlm.nih.gov/geo/) databases. TCGA-LADC comprised a total of 594 (535 tumor sample and 59 normal samples) adenocarcinoma cases. The main characteristics of the analysis included the following: age, sex, and pathologic stage; details of patient clinical information are described in Table 1. GSE31210 comprised a total of 226 primary LADC of pathological stage I-II. The median age was 67 years and the range was 30-76 years, and there were 105 male and 121 female patients. GSE72094 comprised a total of 442 LADC cases. The median age was 70 years and the range was 38-89 years, and there were 202 male and 240 female patients. The samples from TCGA database were defined as the training set, the samples from the GSE31210 database were defined as the validation set, whereas LADC cases from GSE72094 were set as testing set. LADC patients with missing survival values or follow-up time < 1 days were excluded. A total of 1,114 samples (490 from TCGA, 226 from GSE31210, and 398 from GSE72094) were used in our study.


Table 1 | Prognostic roles of the MRGs signature with different demographic and clinical characteristics in TCGA training set. .



The protein expression data of the MRGs of LADC patients were evaluated using the Human Protein Atlas (https://www.proteinatlas.org/), which is derived from antibody-based protein profiling using immunohistochemistry.



Acquisition of MRGs

MRGs were obtained from two MRG datasets (188 from GSE5099_CLASSICAL_M1_VS_ALTERNATIVE_M2_MACROPHAGE_UP and 194 from GSE5099_CLASSICAL_M1_VS_ALTERNATIVE_M2_MACROPHAGE_DN) (15) from the gene set enrichment analysis (GSEA) website (http://www.gsea-msigdb.org/gsea/msigdb/). Finally, a total of 382 MRGs were utilized in this study (Supplementary Table 1).



Development and Validation of a Prognostic Model

The univariate Cox regression analysis was used to screen out the genes significantly correlated with OS based on the 382 MRGs (for P-values < 0.05). Next, the overlapped prognosis-related MRGs from TCGA and GEO databases were selected for the least absolute shrinkage and selection operator (Lasso) with ten-fold cross-validation which was subsequently applied using “glmnet” and “survival” packages. Afterwards, a multivariate Cox regression was applied out to select candidate OS-related MRGs and determine a prognostic signature. The risk score was calculated as follows: Risk score = β1 × (expression of RNA1) + β2 × (expression of RNA2) + ··· + βn × (expression of RNAn). Median MRG risk scores were used to differentiate high-risk subgroups from LADC patients. The regression coefficient (β) was obtained from the multivariate Cox regression analysis. Additionally, Kaplan-Meier survival analysis was conducted to assess the predictive performance of the prognostic signature. The signature was also externally validated with the GEO dataset using the same formula. All analyses were carried out using R language, version 4.0.5 (www.r-project.org).



GSEA

Gene set enrichment analysis (GSEA) was conducted to investigate various molecular pathways differentially activated between high- and low-risk subgroups. False discovery rate q-values < 0.05 and |NES| > 1 were defined as statistically significant difference.



Estimating the Proportion of Immune Cells

We utilized CIBERSORT algorithm to estimate the proportion of 22 immune cells between low- and high-risk patients. The sum of ratio of 22 immune cell types in each sample is 1.



Construction and Evaluation of a Nomogram

To provide a more individualized predictive model, a nomogram combining the MRG signature and other clinical variables was constructed using the training cohort. The discrimination ability of the nomogram was assessed using the calibration curves and receiver operating characteristic (ROC) curves in the training and validation subgroups. Next, decision curve analysis (DCA) was applied to evaluate the clinical usefulness of the nomogram in the training and testing sets.



Statistical Analysis

Continuous variables were presented as means ± SD, whereas categorical variables were displayed as percentages. The statistical significance of the differences in survival rate was measured using the log-rank test with a threshold of P-value < 0.05. Kaplan-Meier plots were applied to display the differences in survival duration. All statistical analyses were conducted using the software R (version 3.5.2) with corresponding packages.




Results


Establishment of an MRG-Based Prognosis Signature

To limit the candidate prognosis-related MRGs, the OS-related MRGs that were overlapping in the data from TCGA and GEO databases (23 MRGs) were identified (Figure 1A). Next, the 23 MRGs were used to the Lasso-Cox proportional hazards regression and ten-fold cross-validation to construct the best gene signature, and 14 candidate MRGs were ultimately identified (Figures 1B, C). Further, a multivariate Cox regression was used, and results exhibited that CTSL, ECT2, HCFC2, HNRNPK, LRIG1, OSBPL5, P4HA1, and TUBA4A were the independent prognostic MRGs (Figure 1D). We created a risk score according to the expression of the eight MRGs as follows: Risk score = CTSL × 0.001326639 + ECT2 × 0.023009173 - HCFC2 × 0.257179317 + HNRNPK × 0.010298027 - LRIG1 × 0.024832171 + OSBPL5 × 0.071303241 + P4HA1 × 0.007389189 + TUBA4A × 0.008003706.




Figure 1 | Identification of an MRG-based prognosis signature. (A) Twenty-three overlapping overall survival-related MRGs from TCGA and GEO databases were obtained following univariate Cox regression analysis. (B) Lasso coefficient profiles of the 23 prognosis-associated MRGs from the training set. (C) Partial likelihood deviance of variables revealed by the Lasso regression model. (D) Forest plot of multivariate Cox regression analysis.





MRG Expression

We investigated the protein levels of these genes, detected using immunohistochemistry and obtained from the HPA database. The immumohistochemical staining of MRGs were based on the normal alveolar and tumor tissues. We discovered that the protein levels of HNRNPK, P4HA1, and TUBA4A were significantly upregulated, while CTSL, HNRNPK, and OSBPL5 were significantly downregulated in the tumor tissues compared to those of normal tissues (Figure 2A). The quantitative analysis results for each immunohistochemistry were show in Supplementary Material. We also investigated the expression level of the identified MRGs for normal and tumor samples using RNA-Seq data from the training set. The results showed roughly the same trend as the one observed for the protein expression (Figure 2B).




Figure 2 | MRG protein and mRNA level between normal and tumor tissues. (A) The MRG protein levels detected via immunohistochemistry provided by the HPA database (ETC2 was unavailable in HPA). (B) MRG mRNA levels of normal and tumor tissues based on RNA-Seq data from the training set *P<0.05, **P<0.01, ***P<0.001, ****P<0.0001.





Prognostic Value of the 10-MRG Signature

To identify the MRG signature suitable for LADC survival prediction, the LADC patients were separated into low-risk (N = 245) and high-risk groups (N = 245) based on the median risk score. Kaplan-Meier curve analysis depicted that high-risk patients were associated with poorer OS compared to the low-risk patients (P < 0.001, Figure 3A). Furthermore, the ROC curve analysis demonstrated that the area under the ROC curve (AUC) of the prognostic MRG model at 1, 3, and 5 years were 0.707, 0.707, and 0.65 in the training set, respectively (Figure 3B). The distribution survival status and time for each patient from the training set were plotted with a division line indicating the risk score cutoffs (Figures 3C, D). Next, we conducted the univariate and multivariate Cox regression analyses to analyze the signature and clinicopathological independent indices predicting survival. The results showed that the MRG-based signature was able to be an independent prognostic indicator (Figures 3E, F). Its prediction capacity was also evaluated through calculating C‐index in the training set. The results showed that the C-index for the prediction of OS of the identified MRG signature was 0.72 (95% CI = 0.65–0.76).




Figure 3 | MRGs-based risk signature evaluation using the training set. (A) Kaplan-Meier survival analysis revealed the difference in survival rate between high- and low-risk patients. (B) Time-dependent ROC curve analysis for 1-, 3-, and 5-year predictions of overall survival using the MRG-based signature. (C) Risk score distribution of patients with the overall survival and signature. (D) Overall survival scatter plots for LADC patients. (E) Univariate Cox analyses of the MRG signature and clinical variables. (F) Multivariate Cox analyses of the MRG signature and clinical variables.



We verified the prediction performance of this signature using LADC cases from the GSE31210 dataset. The risk score of each patient was calculated based on the indicated formula and separated into low-risk (N = 113) and high-risk groups (N=113) according to the median risk score. Kaplan-Meier analysis demonstrated that high-risk patients were associated with poorer OS and relapse-free survival (RFS) compared to the low-risk patients (Figures 4A, B). ROC curve analysis revealed that the AUC of the prognostic MRG model for predicting OS at 1, 3, and 5 years were 0.704, 0.625, and 0.677, respectively (Figure 4C). Furthermore, the ROC curve analysis revealed that the AUC of the prognostic MRG model for predicting RFS at 1, 3, and 5 years was 0.661, 0.619, and 0.647, respectively (Figure 4D). The survival status and time distribution for each patient from the validation set were plotted with a division line representing risk score cutoffs (Figures 4E–G). The expression profiles of the eight prognostic MRGs are illustrated in Figure 4H.




Figure 4 | MRG-based risk signature evaluation using the validation set (GSE31210). (A) Kaplan-Meier analysis of the overall survival in LADC patients based on risk stratification. (B) Kaplan-Meier analysis for relapse-free survival of LADC patients based on risk stratification. (C) Time-dependent ROC curve analysis for 1-, 3-, and 5-year overall survival predictions obtained using the MRG-based signature. (D) Time-dependent ROC curve analysis for 1-, 3-, and 5-year relapse-free predictions obtained using the MRG-based signature. (E) Overall survival scatter plots for LADC patients. (F) Relapse-free survival scatter plots for LADC patients. (G) Risk score distribution of the LADC patients. (H) The heatmap of the eight MRGs.



In addition, we further tested the prediction performance of this signature using LADC cases from the GSE72094 dataset. the LADC patients were separated into low-risk (N = 199) and high-risk groups (N = 199) based on the median risk score. Kaplan-Meier curve analysis depicted that high-risk patients were associated with poorer OS compared to the low-risk patients (P < 0.001, Figure 5A). Furthermore, the ROC curve analysis demonstrated that the area under the ROC curve (AUC) of the prognostic MRG model at 1, 3, and 5 years were 0.621, 0.659, and 0.707 in the test set, respectively (Figure 5B). The distribution survival status and time for each patient from the testing set were plotted with a division line indicating the risk score cutoffs (Figures 5C, D).




Figure 5 | MRGs-based risk signature evaluation using the testing set (GSE72094). (A) Kaplan-Meier survival analysis revealed the difference in survival rate between high- and low-risk patients. (B) Time-dependent ROC curve analysis for 1-, 3-, and 5-year predictions of overall survival using the MRG-based signature. (C) Risk score distribution of patients with the overall survival and signature. (D) Overall survival scatter plots for LADC patients.



The prognostic significance of the signature was further assessed using subgroups with different demographics and clinical characteristics from the training set, including age, sex, TNM stage, and pathological stage (Supplementary Figure 2). We discovered that the MRG signature was useful for most subgroups (Table 1). For the validation set, the model can also accurately predict the OS and RFS of low- and high-risk groups in these subgroups (Supplementary Table 2).



Correlation Between the MRGs and Clinicopathological Parameters

We further investigated the association between the MRGs and clinicopathological characteristics such as age, gender, pathological stage, and TNM stage for patients in the training cohort. We observed the differential expression of CTSL, ECT2, HCFC2, HNRNPK, LRIG1, and TUBA4A (Figures 6A–F).




Figure 6 | Correlation of the MRG mRNA expression levels with demographic and clinicopathological characteristics of LADC patients. (A) Correlation between CTSL mRNA levels and disease stage. (B) Correlation between ECT2 mRNA levels and gender. (C) Correlation between HCFC2 mRNA levels and disease stage. (D) Correlation between HNRNPK mRNA levels and disease stage. (E) Correlation between LRIG1 mRNA levels and disease stage (F) Correlation between TUBA4A mRNA levels and disease stage.





GSEA

Additionally, we explored the differentially signaling pathways between high- and low-risk LADC patient through GSEA. In the high-risk group, the top five enriched GO terms included cadherin binding, cellular response to heat, chromosomal region, chromosome segregation, and mitotic nuclear division (Figure 7A). The top five enriched KEGG pathways were basal transcription factors, cell cycle, oocyte meiosis, p53 signaling pathway, and ubiquitin mediated proteolysis (Figure 7B).




Figure 7 | Verification of the biosignature stratified by different clinical parameters in the training set. (A) GO terms. (B) KEGG terms.





Immune Characteristics of Patients in the High- and Low-Risk Groups

We further investigate the tumor-infiltrating immune cells from the high- and low-risk patients using CIBERSORT. The results displayed that the tumors of high-risk patients exhibited a higher proportion of plasma cells, resting CD4 T memory cells, monocytes, resting dendritic cells, resting mast cells, and eosinophils; while activated CD4 T memory cells, M0 macrophages, M1 macrophages, and activated mast cells were higher in low-risk group (Figures 8A, B).




Figure 8 | Immune analysis. (A) Relative proportion of immune cell infiltration in high- and low-risk patients. (B) Differences in immune cell infiltration between low- and high-risk LADC patients *P<0.05, **P<0.01, ***P<0.001, ****P<0.0001, ns, no significance.





Development and Validation of a Prognostic Nomogram Based on the Signature

To accurately predict a certain clinical outcome, a nomogram was established by integrating stage, age, gender, and the eight MRGs using a Cox model (Figure 9A). For the training set, the AUCs of the nomogram at 1-, 3-, and 5-year OS were 0.769, 0.765, and 0.75, respectively (Figure 9B). In the validation set, the AUCs of the nomogram at 1-, 3-, and 5- year OS were 0.896, 0.779, and 0.738, respectively (Figure 9C). For convenient clinical application and visualization of the prognostic model, we established an easy-to-use web-based calculator (https://emergency.shinyapps.io/LADC/) for predicting the overall survival of LADC (Figures 9D, E).




Figure 9 | Construction of the MRG-based nomogram. (A) Development of MRG nomogram. (B) Time-dependent ROC curve analysis for 1-, 3-, and 5-year overall survival predictions obtained using the nomogram in the training set. (C) Time-dependent ROC curve analysis for 1-, 3-, and 5-year overall survival predictions obtained using the nomogram in the validation set. (D) Establishing an easy-to-operate web-based calculator for predicting the overall survival of LADC (https://emergency.shinyapps.io/LADC/). (E) 95% confidence interval of the web overall survival rate.



We evaluate the predictive ability and clinical usefulness of the nomogram using calibration curves and DCA. The calibration plots displayed that the nomogram could accurately predict OS (Supplementary Figures 3A, B). In addition, we used DCA to assess the clinical usefulness of the nomogram; the results showed good clinical usefulness of this model both in the training and validation sets (Supplementary Figures 3C, D).




Discussion

LADC is one of the most prevalent tumors with low survival rates in advanced stage patients (16). Accurately predicting LADC outcome will be helpful for more aggressive treatment, earlier intervention, and delayed tumor progression (17). The most commonly used tool to predict patient outcome is the AJCC staging system, which only focuses on clinical features; thus, making it difficult to develop individualized risk estimation. In the present study, we collected data on LADC patients and constructed a prognostic MRG-based signature and nomogram to better predict the OS of these patients. We showed that our MRG signature can predict the individual mortality risk of LADC patients and is helpful for devising individualized therapies against LADC.

Immune dysregulation is important in cancer progression. Most studies only focused on the T cell compartment (18, 19). However, macrophage phenotypic polarization represents a key step that accelerates tumor aggressiveness, which further imparts the MRGs satisfactory prognostic value (20). Here, we identified a signature composed of eight MRGs, CTSL, ECT2, HCFC2, HNRNPK, LRIG1, OSBPL5, P4HA1, and TUBA4A. Among these genes, the mRNA levels of ECT2, HNRNPK, P4HA1, and TUBA4A were significantly upregulated in the tumor tissues, when compared to those in normal tissues. However, the mRNA levels of CTSL, HNRNPK, LRIG1, and OSBPL5 were significantly downregulated in the tumor tissues compared to those observed in normal tissues. Furthermore, GSEA showed that tumor-associated pathways were enriched in samples from high-risk patients.

Cathepsin L (CTSL), one of the human cathepsin proteases, has been shown to be overexpressed in various carcinomas including ovary, cervix, breast, and colon tumors (21, 22). However, the function of CTSL in the complex process of tumorigenesis is not yet fully understood (23). It has been recently observed that CTSL is closely correlated with drug resistance in NSCLC (24). Our analyses showed that the upregulation of CTSL mRNA levels in LADC patients was associated with a higher risk of relapse and worse OS. Epithelial cell transforming sequence 2 (ECT2), a guanine nucleotide exchange factor of the Rho family of GTPases, has been shown to be involved in the oncogenic and malignant phenotypes of LADC (25). Furthermore, ETC2 has been reported to be amplified and its protein overexpressed in early invasive LADC (26). Previous studies indicated that ECT2 may promote the polarization of M2 macrophages by enhancing aerobic glycolysis and inhibiting the functions of immune cells in tumor (27). HNRNPK is a highly conserved RNA‐ and DNA‐binding protein (28) and its dysregulation has been shown to correlate with tumor development, progression, and prognosis (29–31). In line with these results, our analyses indicated an association between the HNRNPK mRNA levels and the high-risk score. Leucine-rich repeats and immunoglobulin-like domains 1 (LRIG1) is one of three members of a transmembrane protein family (32). LRIG1 is often regarded as a tumor suppressor in several tumors, including cervical cancer, melanoma, and cutaneous squamous cell carcinoma (33–35). However, we identified an association between the LRIG1 levels and high-risk scores. Oxysterol binding protein-like 5 (OSBPL5), a cytosolic mammalian protein, binds to an oxysterol ligand and interacts with the Golgi membrane; thus, playing a role in vesicle transport, lipid metabolism, and signal transduction (36). Nagano and colleagues reported that OSBPL5 are involved in the metastatic potential of lung cancer (37). P4HA1 was the most common subtype of prolyl 4-hydroxylase which enhanced collagen modification (38). Several studies reported that P4HA1 might serve as a pro-tumorigenic factor (39–41). However, studies investigating the roles of TUBA4A and HCFC2 and their functions in LADC are limited; thus, further studies are necessary to elucidate their associations with LADC.

The immune system can identify and eradicate tumor cells through innate and adaptive immune system. However, the TME could regulate this antitumor response by regulating the immune-infiltrating cells. Notably, TAMs and their progenitors account for the largest proportion of tumor-resident immune cells. M1 macrophages secrete inflammatory cytokines, including tumor necrosis factor-α as well as interleukin-12, and typically suppress tumor development. In the current study, we analyzed the differences in tumor-infiltrating immune cells between the high- and low-risk groups of patients. Our results showed that the high-risk group exhibited a higher proportion of plasma cells, resting CD4 T memory cells, monocytes, resting dendritic cells, resting mast cells, and eosinophils. Alternatively, the low-risk group showed higher proportions of activated CD4 T memory cells, M0 macrophages, M1 macrophages, and activated mast cells.

As far as we know, this study firstly analyzed the MRGs associated with the prognosis of LADC patients. More importantly, we developed an eight-gene signature to predict LADC patient outcomes with a satisfactory accuracy. However, some limitations of the present study are worth mentioning. First, all cases included in our study were retrospective samples, and the validation of our signature through prospective samples is still needed. Second, this risk score was calculated based on gene expression, without considering the mutations or epigenetic modifications that might represent key MRG drivers. Ultimately, a prognostic nomogram incorporating both the MRG signature and clinicopathological features for individual survival prediction was constructed and validated. The establishment of this model will help in better evaluation of the patients’ prognosis in the clinical setting and will aid in guiding follow-up and treatment processes.
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Objective

Current pharmacological intervention for the cancer-related pain is still limited. The aim of this study was to explore whether repetitive transcranial magnetic stimulation (rTMS) could be an effective adjuvant therapy to reduce pain in patients with advanced non-small cell lung cancer (NSCLC).



Methods

This was a randomized, sham–controlled study. A total of 41 advanced NSCLC patients with uncontrolled pain (score≥4 on pain intensity assessed with an 11-point numeric rating scale) were randomized to receive active (10 Hz, 2000 stimuli) (n = 20) or sham rTMS (n = 20) for 3 weeks. Pain was the primary outcome and was assessed with the Numeric Rating Scale (NRS). Secondary outcomes were oral morphine equivalent (OME) daily dose, quality of life (WHO Quality of Life-BREF), and psychological distress (the Hospital Depression and Anxiety Scale). All outcomes were measured at baseline, 3 days, 1 week, 2 weeks, and 3 weeks.



Results

The pain intensity in both groups decreased gradually from day 3 and decreased to the lowest at the week 3, with a decrease rate of 41.09% in the rTMS group and 23.23% in the sham group. The NRS score of the rTMS group was significantly lower than that of the sham group on the week 2 (p < 0.001, Cohen’s d =1.135) and week 3 (p=0.017, Cohen’s d = -0.822). The OME daily dose, physiology and psychology domains of WHOQOL-BREF scores, as well as the HAM-A and HAM-D scores all were significantly improved at week 3 in rTMS group.



Conclusion

Advanced NSCL patients with cancer pain treated with rTMS showed better greater pain relief, lower dosage of opioid, and better mood states and quality of life. rTMS is expected to be a new effective adjuvant therapy for cancer pain in advanced NSCLC patients.
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Introduction

Recently, the incidence of cancer in the world is increasing year by year (1). According to the studies, at least 25-30% of newly diagnosed cancer patients are associated with pain, and the incidence of pain in patients with advanced cancer is as high as 74% (2, 3). Lung cancer is the first cause of cancer death in the world and it is mostly diagnosed at an advanced stage (4). Lung cancer-related pain mainly depends on the location of the primary tumor, local infiltration of the tumor, visceral and lymph node metastasis, compression of nerve and bone metastasis, etc. Pain is a complex symptom that affects many aspects of a cancer patient, including physical function, sleep, ability of daily living, psychological and emotional status, and social relations (5). Therefore, intervention on the pain is of great significance to improve the quality of life and the prognosis of lung cancer patients (6).

The WHO three-step ladder for cancer pain, which is widely used in clinic, follows the rule that the choice of analgesic drugs were based on the pain intensity: step I-nonsteroidal anti-inflammatory drugs (eg, aspirin or ibuprofen) to mild pain, step II- weak opioids (eg, codeine or tramadol) to moderate pain, and step III- strong opioids (morphine or oxycodone) to severe pain (7). Meanwhile, there were also some other treatments for cancer pain, such as radiotherapy, surgery, chemotherapy, radioisotope therapy, bisphosphonate and so on (8). Although those treatments effectively relieve the symptoms of cancer patients to some extent, there were still 50% patients whose pain is undertreated. The serious pain affects the quality of life of cancer patients (9).

In the past two decades, neuromodulation technique has gradually become a new direction of pain treatment. Repetitive transcranial magnetic stimulation (rTMS) is one of the most commonly used non-invasive neuromodulation techniques in clinic (10). rTMS could produce a certain intensity of magnetic field by focusing on the brain with a specific shape coil, which makes cortex neuron depolarization or hyperpolarization, and then regulate the excitability of neuron. Usually, low frequency (< 1Hz) stimulation has an inhibitory effect on the brain, while high frequency (> 5Hz) stimulation excite neurons (11). It has been reported that rTMS relieves various types of pain, such as neuropathic pain after spinal cord injury, stroke or postoperative of trigeminal nerve (12), migraine (13), fibromyalgia (14) and chronic musculoskeletal pain (15). Even less clinical study has been done on the application of rTMS in patients with cancer pain.

In addition, patients with cancer pain are often complicated with depression, which aggravates the complexity and difficulty of cancer pain treatment, and that is also one of the main reasons for poor analgesic effect (16). Many studies have found that high frequency rTMS stimulation of the dorsolateral prefrontal cortex (DLPFC) is an effective method for the treatment of depression (17). At the same time, high-frequency stimulation also relieves neuropathic pain and chronic pain to a certain extent (18). Until now, Food and Drug Administration (FDA) in the United States has officially approved the use of rTMS in the treatment of depression and migraine (19, 20). Based on the above evidence, we hypothesize that high frequency rTMS stimulation in the DLPFC may be a new and effective treatment for cancer pain. Given the efficacy of rTMS on cancer pain remains unclear, we therefore conducted a randomized controlled trial to firstly explore the analgesic effect of rTMS on advanced non-small-cell lung cancer (NSCLC) patients.



Methods


Study Design

This trial was a randomized, double-blind, parallel-group, sham-controlled clinical trial, approved by the Ethics Committee of Chongqing Cancer Hospital and was registered (ChiCTR.org.cn identifier: ChiCTR 2000029130). All patients provided written informed consents before enrolling. After completing consent forms, patients were randomly assigned to either the rTMS group or the sham stimulation group using a block randomization scheme. An independent investigator carried out the randomization. Two independent, trained assessors and enrolled patients were blinded to the group assignments.



Participants

NSCLC patients with cancer pain were enrolled consecutively from January 2020 to March 2021. The inclusion criteria were: 1) confirmed diagnosis of advanced NSCLC by pathology or cytology, 2) accompanied with pain symptoms, and confirmed as cancer pain by oncologist, 3) experienced worst pain score≥4 (0-to-10 numeric rating scale [NRS]) at the site of pain, 4) age between 18 and 70 years, 5) with clear awareness, and could cooperate to evaluate pain severity, 6) estimated that the survival time is more than 3 months, 7) with completion of signed informed consents, and voluntary participation in this study. The exclusion criteria were: 1) brain tumor patients 2) history of seizure, 3) implanted pacemaker, stent and other metal substances 4) acute pain anywhere in the body due to other diseases, 5) serious psychiatric diagnoses (eg, psychosis)



Interventions


Analgesia Treatment

All the participants were treated with medications according to WHO three-step principle. In order to facilitate the statistics of the dosage of opioids in patients with cancer pain, morphine sulfate controlled-release tablets or oxycodone hydrochloride sustained-release tablets were used for analgesia in this study (21).



rTMS Procedure

rTMS was applied with a magnetic stimulator (CCY-I) with a figure-of-eight coil (B9076; 22 mm inner diameter, 90 mm outer diameter, 76 mm combined long axis length, Wuhan Yiruide Medical Equipment, Wuhan, China). The rTMS protocols used in this study were in accordance with the safety guidelines for rTMS applications (22). The resting motor threshold (RMT) was measured as follows (22): a single TMS pulse stimulated one side of the primary motor cortex, the motor evoked potential (MEP) was recorded at the first dorsal interosseous (FDI) muscle of the contralateral hand with a surface electrode. The RMT was defined as the lowest stimulation intensity capable of eliciting MEPs ≥ 50μV peak-to-peak amplitude in at least five of ten consecutive stimulations (23). Parameter setting were as follows (23): stimulation target, left side DLPFC; stimulation intensity, 80% RMT; frequency, 10HZ; 15 pulse trains (1.5 s), with intertrain intervals of 3 s (total of 1500pulses). In the control group, the sham stimulation was delivered using a same coil, but with no magnetic stimulation output (only emitting the same sound, with different stimulation angles). Both the two groups (rTMS group and control group) received stimulation once a day, 5 days per week, for a total of 3 weeks.




Outcome Measurements

The pain intensity was assessed at 1 day before rTMS treatment (T0), 3 days (T1), 1 week (T2), 2 weeks (T3) and 3 weeks (T4) after first rTMS treatment. Mood status and quality of life were evaluated only at T0 and T4 timepoints. Figure 1 shows the research and evaluation schedule. The primary outcome was:

	1. NRS. The NRS consists of 11-point scale, of which 0 represents no pain and 10 represents the strongest pain imaginable, which has been recommended by the Initiative on Methods, Measurement, and Pain Assessment in Clinical Trials (IMMPACT) guidelines (24).






Figure 1 | Schematic diagram of the experimental design. (A) Image of the treatment in rTMS group, (B) Close-up of the coil in rTMS group. (C) Image of the treatment in sham group, (D) Close-up of the coil in sham group, (E) Primary and secondary outcomes at different time points.



The secondary outcomes were as follows:

	1. Oral morphine equivalent (OME). The conversion method of OME refer to the previous literature reports: oral oxycodone hydrochloride is 1:1.5, intravenous morphine is 1:3 converted to oral morphine (25).

	2. WHO Quality of Life-BREF (WHOQL-BREF) (26). Quality of life was evaluated by means of the WHOQOL-BREF. The WHOQOL-BREF generates a profile and score for each of the 4 domains, including physiology, psychology, social relationship and environment. Each domain score ranges 0-100, higher scores represent better quality of life.

	3. Hamilton Anxiety Scale (HAM-A) (27). HAM-A was used to evaluate the severity of anxiety. HAM-A includes 14 items; each item score ranges 0-4, higher scores represent more severe anxiety.

	4. Hamilton Depression Scale (HAM-D) (28). HAM-D was used to evaluate the severity of depression. HAM-D includes 17 items; each item score ranges 0-4, higher scores represent more severe depression.





Statistical Analysis

Sample size was estimated using the G Power v.3.1 statistical tool. To achieve a statistical power of 85% with statistical significance at P<0.05 (two-sided test) and an effect size of r = 0.45, a total minimum sample size of 38 patients was required. Considering an estimated 10% dropout rate, the sample size was inflated to 21 participants per group (N = 42).

Statistical data analyses were performed using IBM SPSS (version 21; SPSS, Chicago, IL). Baseline group differences were explored with t tests or chi-squared tests. A repeated-measures analysis of variance (rmANOVA) was used to analyze the data for the efficacy of rTMS, with time as the within-subjects factor and treatment as the between-subjects factor. Post hoc analyses were performed with Bonferroni adjustment for further multiple comparisons. P<0.05 were considered statistically significant. The percentage of change within each individual was calculated as follows: [(post-treatment - pre-treatment score)/(pre-treatment score)] *100.




Results

A total of 63 advanced NSCLC patients with cancer pain were screened and 42 eligible patients were enrolled in the study (Figure 2). They were randomly allocated into the rTMS group (n = 21) or the sham group (n = 21). One case in the rTMS group withdrew from the study because of moving to another city in the second week, while two cases in the sham group withdrew from the study because of unwilling to continue to participate in the study in the first week. The remaining 39 patients completed the 3-week trial, with 20 cases in the rTMS group and 19 cases in the sham group. There were no significant differences between the two groups in terms of demographic variables or clinical characteristics (Table 1). Of the 39 patients, two patients in the rTMS group reported transient scalp numbness or facial muscle twitching during the rTMS therapy, but no serious adverse effects were observed.




Figure 2 | CONSORT diagram. NRS, numeric rating scale; rTMS, repetitive transcranial magnetic stimulation.




Table 1 | Baseline Demographics and Clinical Characteristics by Group.




Primary Outcome


Pain Scores

The pain intensity before treatment was 6.45 (SD,1.69) in the rTMS group and 6.37 (SD,1.63) in sham group. The pain intensity in both groups decreased gradually from day 3 and decreased to the lowest at the week 3, with a decrease of 41.09% in the rTMS group and 23.23% in the sham group. The NRS score for the rTMS group was significantly lower than that of the sham group on the week 2 (P = 0.04, Cohen’s d =-0.735) and week 3 (P = 0.017, Cohen’s d =- 0.822) (Table 2 and Figure 3).




Figure 3 | Raw scores on primary outcome (NRS) from baseline to 3 weeks. The NRS scores were calculated by the average for the preceding 7 days. Error bars indicate 95% confidence intervals, * indicate significant inter-group difference, P < 0.05. NRS, numeric rating scale.






Secondary Outcome


Oral Morphine Equivalent (OME)

The OME in the rTMS group at baseline and week 3 were 109.5 ± 52.5mg and 111.5 ± 52.4, respectively, and those in the sham group were 115.8 ± 59.6mg and 157.9 ± 84.3 mg, respectively. On week 3, the OME in the rTMS group was similar to that of baseline (P = 0.02, Cohen’s d = 0.796), while the sham group both were significantly higher than that of baseline (P = 0.02, Cohen’s d = 0.796) (Table 2 and Figure 4).


Table 2 | Primary and Secondary Outcomes.






Figure 4 | Raw scores on secondary outcomes at baseline and weeks 3. Error bars indicate 95% confidence intervals, * indicate significant inter-group or pre-post differences, P < 0.05. OME, Oral morphine equivalent; WHOQL-BREF, WHO Quality of Life-BREF; HAM-A, Hamilton Anxiety Scale; HAM-D, Hamilton Depression Scale.






Quality of Life

There were significant improvements in all domains of WHOQOL-BREF scores for both the groups when compared with baseline after 3 weeks of treatment. The physiology and psychology domains of WHOQOL-BREF scores showed significant improvements with rTMS group versus sham group (P = 0.02, Cohen’s d = 0.796 and P = 0.031, Cohen’s d = 0.746, respectively). (Table 2 and Figure 4).



Mood Changes: HAM-A and HAM-D

The HAM-A and HAMD scores in the rTMS group showed significant improvements after 3 weeks of treatment when compared with baseline (P = 0.005, Cohen’s d = -0.949 and P = 0.011, Cohen’s d =- 0.869, respectively). However, there were no significant improvements in the sham group (Table 2 and Figure 4).




Discussion

The findings of this randomized, double-blind, sham-controlled trial showed a significant analgesic benefit by using rTMS in advanced NSCLC patients with cancer pain. Moreover, our study also showed rTMS could reduce the daily dosage of opioids and improve the quality of life and psychological distress of NSCLC patients with cancer pain. To our knowledge, this is the first randomized controlled trial to explore the effective analgesic treatment of rTMS in patients with cancer pain. Accordingly, we expect our findings could have clinical implications.

Recently, there has been increasing evidence that rTMS is a noninvasive and safe treatment option for pain that may benefit patients who do not respond to conventional pharmacological therapies (29). Functional imaging studies have shown that there was a cognitive regulation circuit of pain in the brain (30). When the pain information is transmitted upward from the spinal cord to the brain, it enters the thalamus, amygdala, anterior cingulate gyrus, primary/secondary somatosensory cortex and other brain areas, and forms the pain sensation or pain emotion through the structural and functional connection with prefrontal cortex. DLPFC directly promotes or inhibits pain through coordination with these brain regions or through modulating the activity of pain descending inhibition pathways (31). Therefore, DLPFC-rTMS was able to reduce pain sensation, as supported by several recent studies, like spinal cord injury (12), migraine (13) and fibromyalgia (14). In this study, we hypothesized that DLPFC-rTMS may also be effective in the treatment of cancer pain and thus conducted this trial. In our trial, the pain intensity in the rTMS group at week 3 was decreased by 2.7 points from baseline, which was significantly higher than the 1.5 points in the sham group. The pain reduction of 2.7 points in the rTMS group exceeded the 2-point reduction by using NRS scale that has been recommended as a clinically significant improvement by the IMMPACT study (24). Meanwhile, we also found that DLPFC-rTMS can reduce the dosage of opioids in NSCLC patients with cancer pain. Reduced pain intensity, together with less opioid dose, revealed the clinical benefit of DLPFC-rTMS in the treatment of cancer pain in NSCLC patients.

In addition to pain, it is evident that mood disorders are also a major problem for NSCLC patients. Undertreatment of cancer pain is often accompanied by physical fitness decline, fatigue and sleep disorders, and even anxiety and depression, which obviously increase the difficulty of analgesic treatment and reduce the quality of life for patients (9). Our data on anxiety and depression, from HAMA and HAMD also demonstrated the existence of poor psychological status among NSCLC patients with cancer pain, which was consistent with the previous studies (32, 33). Therefore, we should pay special attention to the treatment of psychological disorders in patients with cancer pain (16, 34). As shown in this study, improvements in anxiety and depression were significant higher in the rTMS group than that of in the sham group (P<0.05). We have also found that DLPFC-rTMS treatment could significantly improve the quality of life versus sham stimulation. This finding is consistent with the role of the DLPFC in modulating brain regions involved in emotions such as the anterior cingulate cortex and insular cortex (35, 36). DLPFC-rTMS has been approved in the US FDA to treat major depressive disorder in adults who have not responded to prior antidepressant medications (19), and this effect might account for the improvement of the mood disorders in patients who were treated with DLPFC-rTMS in this study.

There are some strengths in this study. We provided the first clinical RCT study in which high frequency rTMS over the DLPFC is able to decrease cancer pain in advanced NSCLC patients. The undertreatment of cancer pain is still very common in clinic. Clinicians usually gradually increase the dose of analgesic medications. If the findings of this study were further confirmed by multicenter, large sample clinical trials, rTMS could be used clinically as a convenient and effective non-drug adjuvant therapeutic tool. Meanwhile, we also evaluated the outcome comprehensively and appropriately. The outcome measures in our study were consistent with IMMPACT recommendations for chronic pain (24, 37), including measures of dosage of opioids, pain intensity, physical functioning, mood status and quality of life, which ensured a comprehensive evaluation of the treatment. However, there are also some limitations in this study. First, the relatively small number of participants and a single-center trial design is the main limitation of our study, which may increase the risk of type II error. Future large-scale multicenter studies are needed to ameliorate this limitation. Second, due to the small sample size, we didn’t conduct further subgroup analysis to explore the differences in the efficacy of rTMS in patients with different stages of metastasis. Third, it is unknown whether the analgesic effects of rTMS on patients with cancer pain are long-lasting, due to lack of long-term follow-up. Fourth, the effects of rTMS on patients’ sleep quality and the cost-effective analysis of rTMS on pain treatment are also very interesting questions, future studies could further explore them.

In conclusion, our results support the use of rTMS as a promising adjuvant therapeutic tool for cancer pain, with its dual beneficial effect in decreasing pain intensity and psychological distress in advanced NSCLC patients. If this effect can be confirmed in future larger sample studies, it will undoubtedly have a better clinical application prospect for patients with cancer pain.
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PET/CT with 18F-2-fluoro-2-deoxyglucose (18F-FDG) has been proposed as a promising modality for diagnosing and monitoring treatment response and evaluating prognosis for patients with non-small cell lung cancer (NSCLC). The status of epidermal growth factor receptor (EGFR) mutation is a critical signal for the treatment strategies of patients with NSCLC. Higher response rates and prolonged progression-free survival could be obtained in patients with NSCLC harboring EGFR mutations treated with tyrosine kinase inhibitors (TKIs) when compared with traditional cytotoxic chemotherapy. However, patients with EGFR mutation treated with TKIs inevitably develop drug resistance, so predicting the duration of resistance is of great importance for selecting individual treatment strategies. Several semiquantitative metabolic parameters, e.g., maximum standard uptake value (SUVmax), metabolic tumor volume (MTV), and total lesion glycolysis (TLG), measured by PET/CT to reflect 18F-FDG metabolic activity, have been demonstrated to be powerful in predicting the status of EGFR mutation, monitoring treatment response of TKIs, and assessing the outcome of patients with NSCLC. In this review, we summarize the biological and clinical correlations between EGFR mutation status and 18F-FDG metabolic activity in NSCLC. The metabolic activity of 18F-FDG, as an extrinsic manifestation of NSCLC, could reflect the mutation status of intrinsic factor EGFR. Both of them play a critical role in guiding the implementation of treatment modalities and evaluating therapy efficacy and outcome for patients with NSCLC.
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Introduction

In 2020, it was estimated that there were approximately 228,820 newly diagnosed lung cancer cases and 135,720 deaths from lung cancer in the United States (1). Non-small cell lung cancer (NSCLC), a major phenotype of lung cancer, accounting for about 80%–85%, is one of the leading causes of cancer-related deaths worldwide despite improvements in diagnostic and therapeutic modalities (1, 2). Epidermal growth factor receptor (EGFR) mutations were found in about 35% of patients with NSCLC in East Asia and 10%–15% in the United States (3, 4). In addition, EGFR mutations were demonstrated to be significantly associated with adenocarcinoma, never smoking, and the female gender (5). Patients with EGFR mutations treated with tyrosine kinase inhibitors (TKIs) were linked to a higher response rate and longer progression-free survival (PFS) than those treated with conventional cytotoxic chemotherapy (6, 7). Eventually, however, resistance to TKIs inevitably occurred with a median PFS of 9 to 13 months (7–9). In this regard, accurate prediction of EGFR mutations and monitoring of TKI response rates and drug resistance will be of great value for clinicians to perform individual treatment strategies.

PET/CT with 18F-2-fluoro-2-deoxyglucose (18F-FDG) has been widely used for pretreatment staging and restaging, monitoring treatment response, and evaluating prognosis for patients with NSCLC (10–14). Several semiquantitative metabolic parameters, e.g., maximal standard uptake value (SUVmax), total lesion glycolysis (TLG), and metabolic tumor volume (MTV), have been demonstrated to be promising PET/CT indices to reflect the metabolic activity and/or tumor burden (15, 16). SUVmax, a parameter representing the maximum uptake value of 18F-FDG in a single-pixel adjusted for lean body mass, has been widely used as a marker for glucose metabolic activity, but it cannot clearly reflect tumor burden. TLG, a quantitative volume-based metabolic PET parameter, has been recognized as a promising index for its advantages to reflect the metabolic activity and tumor burden. Higher SUVmax, TLG, or MTV on 18F-FDG PET/CT scan usually revealed a short PFS or overall survival (OS) for patients with NSCLC (17–19). Consequently, a certain cross and overlap may have occurred between the roles of 18F-FDG PET/CT and EGFR in evaluating the efficacy and outcome of NSCLC patients.

Over the past two decades, a great number of studies have attempted to elucidate the relationship between the status of EGFR mutation and the metabolic activity of 18F-FDG in NSCLC (20–23). Obviously, EGFR mutation status represents an intrinsic factor of NSCLC, while 18F-FDG metabolic activity is an extrinsic manifestation of NSCLC. There is a close association between EGFR mutation status and 18F-FDG metabolic activity in NSCLC, but the relationship between them needs to be further clarified due to contradictory reports (24–26). A large sample study including 849 patients with NSCLC showed that low SUVmax of the primary tumor, lymph node, and distant metastasis were associated significantly with EGFR mutations (24), whereas another study presented opposite results that high SUVmax (≥6.0) of the primary tumor was more likely to have EGFR mutations in NSCLC (25). In addition, no significant difference in 18F-FDG uptake between mutant EGFR and wild-type EGFR was also observed in NSCLC patients (26). Accordingly, in this work, we aimed to comprehensively review the biological and clinical correlations between EGFR mutation status and 18F-FDG metabolic activity in NSCLC.



Biological Correlation Between Epidermal Growth Factor Receptor Mutation Status and 18F-FDG Metabolic Activity in Non-Small Cell Lung Cancer

Tumor cells utilize a variety of metabolic pathways, especially glucose, to meet the requirements of bioenergy and biosynthesis for growth and proliferation (27, 28). Oncogenic mutations are the driving force of high energetic metabolism that can be maintained persistently in cancer cells (29). In addition, glucose metabolism preferentially tends to aerobic glycolysis rather than mitochondrial oxidative phosphorylation, which is known as the Warburg effect (27). It has been reported that many oncogenic signaling pathways in cancer cells, particularly EGFR aberrant signaling, lead to the metabolic switch from mitochondrial oxidative phosphorylation to aerobic glycolysis (30, 31). Recently, EGFR has been identified as a driver of oncogenes in NSCLC, because the mutation of activating EGFR kinase domain enhances the activity of EGFR tyrosine kinase, leading to continuous activation of the downstream signal pathway, and then drives tumorigenesis and tumor progression (32). Targeted EGFR mutation therapies, such as EGFR-TKIs, including erlotinib and gefitinib, have shown to be highly effective in inhibiting glucose consumption in both in vitro and in vivo models of NSCLC (Figure 1) (33, 34).




Figure 1 | Glycolysis pathways of 18F-FDG and normal glucose and related metabolic pathways regulated by epidermal growth factor receptor (EGFR) signaling in EGFR-mutated non-small cell lung cancer (NSCLC). 18F-FDG is transported into cells by glucose transporters (GLUTs) and phosphorylated to 18F-FDG-6-phosphate by hexokinase (HK). It is trapped inside cells because 18F-FDG-6-phosphate is not a substrate of glycolysis or pentose phosphate pathway (PPP) and is unable to diffuse outside cells. The metabolites of pyruvate and ribose-5-phosphate in the glycolysis decreased significantly after treatment of lung adenocarcinoma cells with EGFR tyrosine kinase inhibitors (TKIs) (33).



18F-FDG, a glucose analog, is transported into cells by glucose transporters (GLUTs) and phosphorylated to 18F-FDG-6-phosphate by hexokinase (HK). It is trapped inside cells and dephosphorylated slowly because 18F-FDG-6-phosphate is not a substrate of glycolysis or pentose phosphate pathway (PPP) and is unable to diffuse outside cells (Figure 1) (35). Now, it has been widely used as a small molecule radiotracer for PET/CT imaging and has been applied extensively as a tracer to reflect glucose metabolic activity in diagnosing and evaluating treatment response of various malignant tumors, including NSCLC (36, 37). The overexpression of GLUT1 and HK-I is highly associated with the increased uptake of 18F-FDG in NSCLC, showing that the uptake of 18F-FDG seems to be regulated by glucose metabolism (38–40).

Several mutated oncogenes have been demonstrated to be associated with metabolic signaling pathways that affect tumor cell metabolism (41). In EGFR-mutated adenocarcinoma cells, lactate production, glucose-induced extracellular acidification rate, and glucose consumption were significantly decreased after treatment with TKIs, showing that EGFR signaling played a major role in aerobic glycolysis (33). In gefitinib-sensitive NSCLC cell lines with EGFR mutations, the uptake of 18F-FDG was also decreased significantly as early as 2 h after treatment, whereas no measurable changes in 18F-FDG uptake were observed in gefitinib-resistant cells, representing treatment response of gefitinib that could be closely reflected by glucose metabolic activity (34). Accordingly, to a certain extent, the metabolic activity of 18F-FDG in NSCLC cell lines is correlated with or may reflect the mutations of EGFR.



Clinical Correlation Between Epidermal Growth Factor Receptor Mutation Status and 18F-FDG Metabolic Activity in Non-Small Cell Lung Cancer


Predicting Epidermal Growth Factor Receptor Mutation Status With 18F-FDG PET/CT

A large number of studies reported that compared with traditional cytotoxic chemotherapy, NSCLC patients with EGFR mutation treated with TKIs had a higher response rate and prolonged PFS (6, 7). The presence of EGFR gene mutations in lung adenocarcinoma is a powerful predictor of better prognosis after gefitinib therapy (9). Accordingly, the status of EGFR mutations plays a critical role in selecting suitable treatment modalities for patients with NSCLC. However, in clinical practice, the status of EGFR mutation is usually determined by tissue-based analysis (42), which has a number of limitations, e.g., i) sampling bias due to tumor heterogeneous, ii) associated complications owing to invasive biopsies, iii) not rapid and expensive, and iv) failing to get reliable results due to the low quantity or quality of the tissue samples (43). In addition, the mutation status of EGFR may be changed in the course of chemotherapy or targeted therapy (44). Therefore, a non-invasive method is urgently needed to monitor EGFR mutation status in NSCLC.

PET/CT scan with 18F-FDG, a non-invasive and functional imaging method, has a powerful ability to predict the mutation status of EGFR in NSCLC (45–47). SUVmax is the most widely used index of 18F-FDG PET/CT in predicting EGFR mutations (24). Patients with NSCLC harboring EGFR mutations usually showed lower SUVmax than those with wild-type EGFR (Table 1) (21, 24, 48, 49). Normally, SUVmax was calculated only from the primary lesions of NSCLC, whereas the distant metastasis and/or metastatic lymph nodes were also monitored in some studies (24, 50). Low SUVmax of the distant metastasis was beneficial to the existence of EGFR mutations in advanced lung adenocarcinoma (50). Different cutoff values of SUVmax (range, 7.0–9.91) were determined to obtain a relatively high receiver operating characteristic (ROC) curve area (range, 0.557–0.75) (20, 24, 50). In addition to SUVmax, MTV was also used as a parameter to predict EGFR mutations in NSCLC. Patients with NSCLC harboring EGFR mutation had lower MTV than those with wild-type EGFR (57). Interestingly, the serum carcinoembryonic antigen (CEA) can increase during all adenocarcinomas not only in those EGFR mutated but also in wild type (58). The combination of serum CEA and SUVmax was also performed to predict EGFR mutations in patients with NSCLC, which demonstrated to have a moderate diagnostic accuracy (25, 51).


Table 1 | The clinical and pathological features, glucose metabolic activity, and EGFR mutation status in NSCLC of previous studies.



However, opposite results could be observed that the metabolic activity of 18F-FDG (e.g., SUVmax) in NSCLC EGFR-mutant patients was significantly higher than that of wild-type patients (25, 52–54). The expression status of EGFR protein was also evaluated, and higher SUVmax was positively correlated with EGFR overexpression (59, 60). Furthermore, no significant difference in 18F-FDG uptake was observed between EGFR mutant and wild-type NSCLC patients in previous reports (Table 1) (26, 55, 56). Several reasons could lead to these conflicting results. First, the number of patients included in the studies varied widely, as low as only 61 patients and as high as up to 808 patients (24, 48, 57). Second, the rate of EGFR mutations varied greatly among NSCLC patients, from 21% to 68% (20, 50). Third, the proportion of histopathological subtypes of NSCLC (adenocarcinoma and squamous cell carcinoma) varied significantly, as EGFR mutations are difficult to detect in squamous cell carcinoma patients who smoke, while EGFR mutations are more common in adenocarcinoma (20, 21, 61). Fourth, the clinical stage (I–II vs. advanced stage) of patients with NSCLC was significantly different (25, 26). More importantly, multiple objective reasons, e.g., different PET/CT scanners, the plasma glucose level before PET/CT scan, fasting time, and region of interest parameters might result in contradictory results. Therefore, many novel techniques of PET/CT are performed to investigate the predictive efficacy of EGFR mutations in NSCLC.

Radiomics, an advanced mathematical model for quantifying the spatial relationships among image voxels, has become a growing research field in which a great number of imaging features are investigated in order to choose the most significantly relevant features with clinical, pathological, molecular, and genetic features, so as to improve the accuracy of diagnosis, prognosis, and curative effect evaluation (62, 63). Accordingly, the role of 18F-FDG PET/CT radiomics in predicting EGFR mutation status for patients with NSCLC has been evaluated (47, 64–67). The area under the ROC curve (AUC) was usually in the range of 0.57 to 0.86 when based on the radiomics features of PET/CT, whereas the performance would get a significantly higher efficacy when combined with clinical features and/or conventional PET/CT parameters, such as SUVmax, SUVmean, MTV, and TLG (47, 67, 68). In addition, four exons (18–21) of EGFR mutations have been observed in NSCLC patients (69), in which approximately 90% are exon 21 L858R substitutions and exon 19 deletions (70). Recently, research showed that two sets of prognostic radiomics features of 18F-FDG PET/CT could distinguish EGFR exon 19 deletions from EGFR exon 21 L858R missense, with an AUC of 0.87 in predicting EGFR mutation status (46).

In short, detection of EGFR mutation status in NSCLC plays a major role in the daily management of individual patients, especially in the selection of TKI targeted therapy. 18F-FDG PET/CT has been demonstrated to have a powerful efficacy to predict the EGFR mutation status in patients with NSCLC, not only based on conventional PET/CT parameters (e.g., SUVmax, MTV, and TLG) but also based on radiomics of PET/CT. The combination of clinical features, laboratory results, conventional PET/CT parameters, and PET/CT radiomics would provide higher accuracy in predicting EGFR mutation status. However, there are still many contradictory reports, so 18F-FDG PET/CT should be used with caution when predicting EGFR mutations in patients with NSCLC. More prospective cohort studies are needed to further verify the role of 18F-FDG PET/CT in predicting EGFR mutations.



Evaluating Treatment Response for Patients With Non-Small Cell Lung Cancer

Most patients with NSCLC develop late in the course of the disease, which is inoperable (12, 71). The standard treatment modality for those patients remains systematic chemotherapy (72). However, since not all patients with NSCLC respond well to chemotherapy and the treatment is toxic, it is important to identify those patients who are less or most likely to benefit from chemotherapy. Therefore, early prediction of treatment responses is particularly important, which can avoid the additional costs of unnecessary toxic and ineffective treatment or overtreatment, and possibly increase the chances of receiving other potentially effective therapy. Over the past two decades, EGFR TKIs, e.g., erlotinib and gefitinib, have been proposed to be effective treatment strategies for NSCLC patients with EGFR mutations (9, 73). The mutation status of EGFR is an optimal predictor of treatment response to TKIs for patients with NSCLC (3, 4). Nevertheless, only a small subset of patients with EGFR mutations respond well to TKIs, especially erlotinib, which have prolonged survival (74, 75). The response rate of EGFR mutations to TKIs in patients with NSCLC varied greatly. Accordingly, new approaches are obviously needed to determine which patients will benefit from TKI treatment.

Traditionally, response evaluation for NSCLC patients harboring EGFR mutations treated with TKIs is usually based on anatomic imaging features that mainly present with static, and calculating the change of tumor size on CT and using Response Evaluation Criteria in Solid Tumors (RECIST) for classification (76, 77). However, the differences between atelectasis or fibrosis and residual neoplasm cannot be distinguished significantly by conventional anatomic imaging modalities (78, 79). Accordingly, the detection of early treatment response using these anatomic imaging tools has limited value. 18F-FDG PET/CT, a molecular and functional imaging method, has emerged as a powerful ability in diagnosing, staging, and evaluating outcomes for patients with NSCLC (80). In addition, 18F-FDG PET/CT has been proposed to be of great value in predicting the efficacy of radiotherapy, chemoradiotherapy, neoadjuvant chemotherapy, and combined intercalated chemotherapy and erlotinib in patients with advanced NSCLC (81–85).

As for patients with TKI-treated NSCLC, 18F-FDG PET/CT could be used to monitor response (Table 2) as early as 2 days after therapy, and those patients who had a partial metabolic response and stable metabolic disease would have a significantly longer PFS than those with progressive metabolic disease (86). Moreover, patients with partial remission and stable disease showed a decreasing uptake of 18F-FDG, while patients with progressive disease presented an increasing 18F-FDG uptake, which was the early response on day 2 and week 4 after treatment with gefitinib (87). In reality, low SUVmax of the primary tumor on 18F-FDG PET/CT scan usually correlated with a higher response rate than high SUVmax (88). The subsequent tumor reduction could be predicted by the decreasing uptake of 18F-FDG on PET/CT scan as an early response to the initiation of TKI treatment for patients harboring EGFR-mutated NSCLC (89). The histopathologic response could also be monitored by 18F-FDG PET/CT using SUVmax changes, and it had an advantage over traditional CT to evaluate histopathologic response for patients with neoadjuvant erlotinib-treated NSCLC (90–92).


Table 2 | The findings of 18F-FDG PET/CT in evaluating treatment response and outcome for TKIs treated patients with NSCLC.



The 18F-FDG metabolic activity of tumor on PET/CT scan can be revealed by several semiquantitative methods, e.g., SUVmax, SUV2Dpeak (2D peak SUV), SUV3Dpeak (3D peak SUV), SUVA50 (3D isocontour at 50% of the maximum pixel value adapted for background), SUVA41 (3D isocontour at 41% of the maximum pixel value adapted for background), SUV50 (3D isocontour at 50% of the maximum pixel value), MTV, and TLG; these parameters have been demonstrated to be useful in monitoring response for patients with TKI-treated NSCLC (93, 94). However, the best parameters for the early response monitoring might be the SUVmax, SUV50, SUVA50, and SUVA41 measured with 18F-FDG on PET/CT scan (94). Recently, tumor heterogeneity on 18F-FDG PET/CT has been evaluated for monitoring response in patients with erlotinib-treated NSCLC (95). The treatment response to erlotinib was related to the reduced heterogeneity of 18F-FDG PET. The change of first-order entropy was independently associated with treatment response and outcome (95). This study of NSCLC heterogeneity on 18F-FDG PET/CT opens a new window for monitoring therapy response.

As stated above, both EGFR and 18F-FDG PET/CT have potential value in monitoring TKI treatment response for NSCLC patients. Patients with mutant EGFR treated with TKIs benefit more than those with wild-type EGFR. 18F-FDG PET/CT demonstrates a high advantage in evaluating early treatment response. Several semiquantitative parameters of 18F-FDG metabolic activity present a significant role in assessing anatomical and histopathological responses for patients with NSCLC treated with TKIs. The heterogeneity of uptake of 18F-FDG on PET/CT may be a useful method to evaluate treatment response and prognosis for patients with NSCLC.



Predicting Prognosis for Patients With Non-Small Cell Lung Cancer

The prognosis of patients with NSCLC is heterogeneous and varies greatly. Tumor-node-metastasis (TNM) classification is a measure to specify the disease extent for patients with NSCLC and plays a vital role in choosing a treatment strategy (96). 18F-FDG PET/CT has been demonstrated to be powerful in staging procedures and is more accurate than conventional CT in mediastinal staging for patients with NSCLC (97). Patients with advanced stage are usually incurable with a short life expectancy. Accordingly, the choice of treatment methods must be discreetly balanced between the potential benefits and ineffective side, effects and a precise evaluation of the prognosis of patients with NSCLC is of great importance.

In the past two decades, EGFR is a well-known predictive marker of outcome for patients with NSCLC who were treated with TKIs (98). TKIs have become the first-line treatment strategy in standard therapy for advanced-stage NSCLC harboring EGFR mutations, e.g., deletion of exon 19 or exon 21 or the L858R point mutations (7, 8). The mutation in exon 19 of EGFR was a reliable predictor of favorable survival for patients with NSCLC (55). Patients with activated EGFR mutations treated with TKIs had a higher response rate and longer PFS than those treated with standard cytotoxic chemotherapy (6). However, resistance inevitably develops eventually for patients with NSCLC who are treated with EGFR TKIs, and it is difficult for clinicians to predict the time of recurrence or progression owing to the wide range of PFS in individual patients. Some patients progressed several years after starting TKI therapy, while others progressed rapidly and spread widely after just a few months, usually with a median of 9–13 months (7–9). To our knowledge, there is currently no reliable clinical tool to predict the prognosis of EGFR mutant NSCLC patients treated with TKIs. Meanwhile, only two clinical features, TNM staging and performance status, have been considered to be significantly associated with prognosis in patients with NSCLC, but they need to be further validated by prospective studies (99).

The prognosis of patients with NSCLC from early stage to advanced stage has been evaluated by several studies with numerous procedures (100, 101). The role of 18F-FDG PET and high-resolution CT in predicting the prognosis for patients with clinical stage-IA NSCLC has been assessed, which showed that SUVmax of the primary tumor and ground-glass opacity ratios on high-resolution CT images were significant prognosticators of these patients, which should be kept in mind before selecting therapeutic strategies (101). In patients with advanced NSCLC treated with erlotinib, 18F-FDG PET presented a predictive effect as early as 1 week after initiation of treatment, predicting PFS, OS, and non-progression after 6 weeks of treatment, and was independent of EGFR mutational status (100). Several different semiquantitative parameters, e.g., SUVmax, SUV2Dpeak, SUV3Dpeak, SUV50, SUVA50, and SUVA41, have been proved to be useful predictors of short-term prognosis in patients with advanced NSCLC in the early (1 week) and late (6 weeks) 18F-FDG PET/CT scans after initiation of erlotinib therapy (102). An updated systematic review and meta-analysis by the European lung cancer working party for the international association for the study of lung cancer staging project showed that SUV on 18F-FDG PET was potentially useful in predicting patient outcomes (13). Low SUVs of the primary tumor could predict favorable survival in NSCLC patients treated with TKIs (88, 102). Early evaluation of SUVmax changes on 18F-FDG PET at 2 days after initial treatment with gefitinib was of great significance to predict the clinical outcome of patients with lung adenocarcinoma (103). Moreover, early (day 14) partial metabolic response on 18F-FDG PET was independently associated with prolonged PFS and OS in patients with NSCLC treated with erlotinib (104).

In NSCLC patients with activating EGFR mutation, TLG has the potential role in predicting PFS and gefitinib resistance development on 18F-FDG PET (105). Measuring the baseline metabolic tumor burden with TLG before first-line TKIs will be very helpful to predict the time of acquired drug resistance (105). Intra-tumoral heterogeneity may be partially explained that not all patients with NSCLC harboring EGFR mutations will benefit from TKI therapy (106). Using an imaging tool may be a potentially simpler approach to assess tumor heterogeneity. Actually, heterogeneous textural parameters derived from baseline 18F-FDG PET/CT are demonstrated to be high predictors of clinical outcomes for NSCLC patients harboring EGFR mutations treated with TKIs (107). However, even though 18F-FDG PET/CT plays a vital role in predicting the prognosis for patients with NSCLC, contradictory results are also observed that SUVmax of the primary tumor cannot predict survival for patients with NSCLC (108, 109). Accordingly, furthermore, studies are needed to validate these findings to give clinicians an accurate recommendation.




Conclusion

In summary, the 18F-FDG metabolic activity of NSCLC, as an extrinsic manifestation, plays a critical role in monitoring treatment response and evaluating prognosis. Several semiquantitative parameters (e.g., SUVmax, MTV, and TLG) on 18F-FDG PET/CT can be used to reflect metabolic activity and tumor burden. EGFR mutation status, as an intrinsic factor, plays a vital role in guiding the implementation of treatment modalities (e.g., TKIs) and evaluating therapy efficacy and outcome for patients with NSCLC. Significant correlations are observed between 18F-FDG metabolic activity and EGFR mutation status, not only in biology but also in clinical practice. However, at present, there is still a lack of comprehensive evaluation of the association between 18F-FDG PET/CT and EGFR mutations in patients with NSCLC, e.g., using 18F-FDG PET/CT to predict EGFR mutation status and then monitor treatment response and evaluate the outcome, which needs to be carried out simultaneously in a large sample retrospective or prospective study.
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Objectives

Malignant cells in the pleural fluid or pleural metastasis are classified as stage IV non-small cell lung cancer. Radical surgery is generally considered not suitable for such patients. The aim of our study was to discuss the effectiveness of video-assisted thoracoscopic surgery (VATS) in such patients.



Methods

A retrospective analysis of the clinical records of 195 patients was performed. These patients were all diagnosed with locally advanced pulmonary adenocarcinomas with malignant pleural effusion (MPE, M1a) but no distant organ metastasis. The 195 patients included 96 patients who underwent VATS plus chemotherapy and 99 patients who received thoracic drainage plus chemotherapy. The baseline characteristics of the patients included age, gender, smoking history, Eastern Cooperative Oncology Group (ECOG) score, and number of chemotherapy cycles (2–4 cycles or >4 cycles); we also analyzed clinical characteristics including the specific surgical options of the VATS group.



Results

In multivariate analysis, when compared to the thoracic drainage group, the VATS group remained significantly associated with the overall survival [HR=0.480 (95%CI 0.301-0.765)]; when compared to the lobectomy, the sub-lobectomy and the palliative surgery, remained significantly associated with the overall survival [HR=0.637 (95%CI 0.409-0.993) and HR=0.548 (95%CI 0.435-0.832), respectively]. The median survival time (MST) of patients who underwent VATS (n = 96, 49.2%) was 25 months (95% CI 22.373–27.627) whereas the patients who received thoracic drainage (n = 99, 50.8%) was 11 months (95% CI 9.978–12.022). For patients who underwent VATS, the MST of patients who received a lobectomy (n = 50, 52.1%) was 27 months (95% CI 22.432–31.568), the MST of patients who received a sub-lobectomy plus pleurodesis (n = 26, 27.1%) was 27 months (95% CI 19.157–34.843), and the MST of patients who received only pleurodesis (n = 20, 20.8%) was 12 months (95% CI 7.617–16.383).



Conclusion

For pulmonary adenocarcinomas with MPE, receiving a lobectomy or sub-lobectomy plus pleurodesis with VATS was associated with improved survival compared with patients who only received thoracic drainage and chemotherapy. Our results and previously published data may justify the use of VATS for treating pulmonary adenocarcinomas with MPE.





Keywords: malignant pleural effusion, pulmonary adenocarcinoma, video-assisted thoracoscopic surgery, pleurodesis, chemotherapy



Introduction

Recently, lung cancer has been shown to have the highest death rate of all types of malignant tumors worldwide (1, 2). Non-small cell lung cancer (NSCLC) accounts for 75%–80% of all lung cancers, of which 50% are adenocarcinomas. Parietal pleural metastasis often occurs in advanced-stage adenocarcinoma and often develops into malignant plural effusion (MPE). Although many malignant tumors can cause MPE, adenocarcinoma is the most common pathological type, accounting for 45%–65% of all pathological types (3). Although treatment for NSCLC is constantly improving, the sensitivity of MPE to the current existing treatment methods is poor, which leads to a higher mortality rate. Palliative treatment is often used for treating such patients; however, even with systemic chemotherapy, these patients only have an overall median survival time (MST) of 3–12 months (4, 5). Existing treatment methods for such patients include thoracentesis, pleurodesis, thoracic drainage, chemotherapy, radiotherapy, anti-angiogenesis therapy, targeted therapy, etc. MAY most people consider chemotherapy or targeted therapy after thoracic drainage as appropriate for NSCLC tumors with MPE, but patients with good performance and only local metastasis may have a better quality of life and life expectancy after undergoing more aggressive therapies such as thoracoscopic surgery (6). Several studies have indicated that surgical therapy may provide a survival benefit to specific subsets of NSCLC patients with MPE (7–9). Therefore, in this study, we attempted to explore whether chemotherapy or targeted therapy after video-assisted thoracoscopic surgery (VATS) can improve the prognosis of NSCLC patients with MPE compared with those receiving a traditional treatment method.



Methods


Patients and Groups

After screening, 195 primary lung adenocarcinoma patients with MPE but no distant organ metastasis were admitted to the Tianjin Medical University General Hospital from January 2009 to March 2015. Of these patients, 96 underwent chemotherapy or targeted therapy after VATS (VATS group), and 99 underwent traditional treatment (chemotherapy after thoracic catheterization; thoracic drainage group). Patient demographic information and clinical pathology data were collected. This clinical study was approved by the Ethics Committee of our institute. Preoperatively, the patients received a thorough physical examination and blood examination, respiratory function test, electrocardiogram, bone emission computed tomography (ECT), bronchoscopy, brain magnetic resonance imaging (MRI), and computed tomography (CT) of the chest and abdomen. Preoperative biopsy and intraoperatively biopsy confirmed that all patients had locally advanced stage IV disease.

The OS of the VATS group was defined as the time from the beginning of surgery to death from any cause. The OS of the thoracic drainage group was defined as the time from when the thoracic drainage tube was placed in the patients to death from any cause. For patients who were still alive at the end of data entry, the time of the last follow-up or medical record of the patient was taken as the cut-off time.

The baseline characteristics of the patients included age, gender, smoking history, ECOG score, and number of chemotherapy cycles (2–4 or >4 cycles). The other clinical characteristics we analyzed included the specific surgical options of the VATS group. The different surgical methods of patients in the VATS group were distributed as follows: 50 patients (52.1%) received lobectomy plus pleurodesis and were classified as the “lobectomy subgroup,” 26 patients (27.1%) received segment or wedge resection plus pleurodesis and were classified into the “sub-lobectomy subgroup,” and 20 patients (20.8%) received only pleurodesis under thoracoscope and were classified into the “palliative surgery subgroup.”

All patients (100%) were followed-up in our study. Information was obtained from all patients through outpatient visits or telephone calls. All patients were evaluated every three months by chest and abdominal CT scans and brain MRI, and ECT was performed every six months for the first two years after surgery and annually thereafter. Overall survival (OS) was estimated from the date of lung surgery or thoracic drainage or until the last follow-up.



Therapy Procedure

All patients were diagnosed with primary lung adenocarcinoma with MPE from tumor cells that were found in the pleural effusion and were then diagnosed with adenocarcinoma by bronchoscopy or percutaneous lung puncture.

In the VATS group, the primary tumors were considered resectable when the patients had a good Eastern Cooperative Oncology Group (ECOG) score and no severe comorbidities. Complete resection and limited resection were defined as lobectomy and sub-lobectomy (wedge or segment resection), respectively. All pleural metastatic lesions were removed or cauterized with a high frequency electric knife as much as possible. After that, pleurodesis was performed with 1% iodine tincture under thoracoscopy. Those tumors that could not be resected were given only pleurodesis with 1% iodine tincture under thoracoscopy after all pleural metastatic lesions were cauterized with a high frequency electric knife. All the 2mm sizes visible under the microscope are treated. One to two weeks after surgery, the patients were given two cycles of chemotherapy (pemetrexed or paclitaxel plus platinum).

In the thoracic drainage group, a thoracic drainage tube was placed in the patients under the guidance of ultrasonograhy. After the effusion was drained, adhesive, sclerosing agent, or cisplatin were injected into the chest cavity for chemical pleurodesis. The patients were given two cycles of chemotherapy (pemetrexed or paclitaxel plus platinum). The dosage and administration of chemotherapy drugs that all patients received were recommended by the National Comprehensive Cancer Network (10). None of the patients had received neoadjuvant chemotherapy, radiotherapy, or targeted therapy before surgery or thoracic drainage (Figure 1).




Figure 1 | Outline of two groups of patients with different treatment process.





Efficacy Evaluation Criteria

The World Health Organization’s unified criteria of MPE efficacy defines the responses to MPE treatment as follows: complete response (CR), in which the MPE completely disappeared and symptoms were completely relieved, which was maintained for more than four weeks; partial response (PR), in which the MPE volume was significantly reduced by >50% and the symptoms were obviously relieved for more than four weeks; and no change (NC), in which the above criteria were not met or the MPE was increased a short time after the reduction. The response rate (RR) is defined as CR + PR.



Statistical Analysis

All data were processed by SPSS 17.0 statistical software. Multivariate Cox regression models were used to assess the association between treatment and OS. The Cochran-Mantel-Haenszel (CMH) X2 test was used to evaluate the treatment effect on MPE between the VATS group and the thoracic drainage group, and the Kaplan–Meier method was used to analyze the OS of the two groups and subgroups. The difference was statistically significant when p < 0.05.




Results

The median age of all patients was 61.6 years old. There were 113 male patients (57.9%) and 82 female patients (42.1%); 104 patients (53.3%) had a smoking history and 91 patients (46.7%) had no smoking history; 79 patients (40.5%) had an ECOG score of 0–1, and 116 patients (59.5%) had an ECOG score of 2 or higher. The baseline characteristics of the two groups are shown in Table 1. For the baseline characteristics of age (p = 0.361), gender (p = 0.328) and smoking history (p = 0.954), there were no significant differences between the two groups; however, there was a significant difference in ECOG score (p < 0.05). Specifically, 53.1% of patients in the VATS group had an ECOG score of 0–1, which was significantly higher than the 28.3% in the thoracic drainage group. In multivariate analysis, when compared to the thoracic drainage group, the VATS group remained significantly associated with the overall survival [HR=0.480 (95%CI 0.301-0.765)]; when compared to the lobectomy, the sub- lobectomy and the palliative surgery, remained significantly associated with the overall survival [HR=0.637 (95%CI 0.409-0.993) and HR=0.548 (95%CI 0.435-0.832), respectively] (Tables 2, 3).


Table 1 | Baseline characteristics of all patients.




Table 2 | Multivariate Cox model for overall survival in all patients.




Table 3 | Multivariate Cox model for overall survival in the VATS group.




Analysis of MPE Therapeutic Effect in the Two Groups

The therapeutic effects of the two groups for MPE were distributed as follows: VATS group: NC (5 cases, 5.2%), CR (71 cases, 74%), and PR (20 cases, 20.8%), with an RR of 94.8%; thoracic drainage group: NC (29 cases, 29.3%), CR (18 cases, 18.2%), and PR (52 cases, 52.5%), with an RR of 70.7%. The CMH X2 test was used to assess whether there was any difference in MPE efficacy between the two groups. The location test results had a p of 0.0037, rejecting the hypothesis of H0; thus, the effect differed between the two groups, and the difference was statistically significant. In conclusion, according to the row average score, the efficacy for treating MPE in the VATS group was better than that in thoracic drainage group (Figure 2, Table 4).




Figure 2 | Analysis of MPE therapeutic effect of two groups.




Table 4 | Comparison of the MPE therapeutic effect between the two groups.





Survival Analysis

All 195 patients were followed-up to the last follow-up time (March 2018). The MST from the onset of primary lung adenocarcinoma with MPE to death from any cause was 16 months [95% confidence interval (95% CI) 13.439–18.561]. For the 96 patients in the VATS group (49.2%), the MST was 25 months (95% CI 22.373–27.627), and the one-year and three-year survival rates were 88.6% and 21.6%, respectively. For the 99 patients (50.8%) in the thoracic drainage group, the MST was 11 months (95% CI 9.978–12.022), and the one-year and three-year survival rates were 36.4% and 1%, respectively. The hazard ratio (HR) was 0.480 (95% CI 0.301–0.765, log-rank p = 0.002). The MST in the VATS group was much longer than that in the thoracic drainage group (Figure 3). Generally, the Kaplan–Meier method was used to analyze the survival of all subgroups. In all subgroups, the survival benefit of the VATS group was significantly better than that of the thoracic drainage group, as indicated by the statistically significant log-rank test results (log-rank p < 0.01) (Tables 5, 6).




Figure 3 | The Kaplan–Meier survival analysis of two groups. HR, hazard ratio.




Table 5 | Survival analysis of all subgroups.




Table 6 | Survival analysis of VATS group.



These results indicate that patients in the VATS group have better survival benefits than those in the thoracic drainage group. The question then arises as to which factors can lead to better survival benefits in the VATS group. The Kaplan–Meier method was used to analyze the survival of all subgroups in the VATS group. We found that no smoking history, an ECOG score of 0–1, and undergoing a lobectomy or sub-lobectomy significantly improved OS in the VATS group. When stratified by patients who underwent different surgical options, we found that patients in the lobectomy subgroup had an MST of 27 months (95% CI 22.432–31.568), patients in the sub-lobectomy subgroup had an MST of 27 months (95% CI 19.157–34.843), and patients in the palliative surgery subgroup had an MST of 12 months (95% CI 7.617–16.383). There was no significant difference between the lobectomy subgroup and the sub-lobectomy subgroup (log-rank p = 0.915), but the survival of the lobectomy and sub-lobectomy subgroups was significantly better than that of the palliative surgery subgroup (log-rank p = 0.001 and p < 0.01, respectively). However, age, gender, and number of chemotherapy cycles had no effect on survival, which was evidenced by the lack of statistically significant differences (Figure 4, Table 6).




Figure 4 | The Kaplan–Meier survival analysis of VATS groups. (A) Smoking status; (B) ECOG score; (C) Specific surgical options of VATS group.






Discussion

According to the 7th edition of the International Lung Cancer TNM staging standard, the M stage of NSCLC with MPE is defined as M1a (11). The prognosis of such patients is generally considered very poor, and some scholars do not recommend surgical treatment (12). The International Association for the Study of Lung Cancer reports that the MST of cancer patients with MPE is approximately five to eight months, and the five-year survival rate is less than 2% (11, 13). Therefore, NSCLC with MPE belongs to stage IV lung cancer in the latest staging system published by the Union for International Cancer Control (14). Some studies have pointed out that MPE is caused by tumor-induced angiogenesis, and some scholars have also pointed out that vascular endothelial growth factor may be an important cause of MPE by increasing vascular endothelial permeability and exudation (15). Some studies have shown that there are more than 1.5 million new patients with pleural effusion each year in the United States, and MPE caused by cancer accounts for the vast majority of such patients (16, 17). A clinical study involving 1783 patients with MPE found that bronchial lung cancer, particularly lung adenocarcinoma, accounted for disease in 36% of cases (18). There are still no clear guidelines for the treatment of such patients, and there is no confirmed best treatment plan. At present, commonly used clinical treatment methods include continuous therapeutic thoracentesis, chemical pleurodesis, pleural cavity catheter drainage, intrapleural chemotherapy, thoracoscopic pleurodesis and fixation, anti-angiogenesis therapy, molecular targeted therapy, etc. Continuous therapeutic thoracentesis can quickly relieve the clinical symptoms of patients, but the effect is not lasting. It has been reported that 97% of patients with MPE who only undergo continuous thoracentesis will relapse within one month (the average control time is approximately 4.2 days) (19). Spiegler PA et al. reported that the success rate of pleural fixation was approximately 79%, and no recurrence occurred after one month (20). Another study compared the two methods of immediate injection of sclerosing agent after catheter drainage and the injection of sclerosing agent after the drainage volume was less than 150 ml per day. The success rate of both methods of pleural fixation was approximately 79%, which was less than that of the former method only involved the injection of sclerosing agent before hospitalization days (21). With the development of minimally invasive surgical technology, thoracoscopic pleurodesis has been increasingly used by surgeons to control MPE. Several studies have shown that the success rate of thoracoscopic pleurodesis is higher than that after thoracentesis or catheterization, which is approximately 71%–95% (22–24). In our study, thoracoscopic surgery for pleurodesis had an effective rate of 94.8%, which was higher than the 70.7% from thoracic drainage, and according to the CMH X2 test, the difference between the two groups was statistically significant. Thus, the effect of VATS on pleural effusion control was better than that of patients who received thoracic drainage.

For NSCLC patients with MPE, the commonly used therapies were thoracentesis, thoracic catheterization, thoracoscopic or thoracotomy, chemotherapy, radiotherapy, molecular targeted therapy, and other adjuvant treatment. A study from Taiwan included 27 NSCLC patients with MPE from 1998 to 2000. These patients received both intrapleural and systemic chemotherapy with standard gemcitabine plus cisplatin regimen followed by radiotherapy, finally followed by three to six cycles of docetaxel monotherapy. The results showed that the RR was 55%, of whom 7% of patients achieved CR. The median progression-free survival and OS were 8 and 16 months, respectively. The one-year survival rate was 63% (95% CI 45%–80%) (25). In another study from Korea, 40 NSCLC patients with MPE received intrapleural and systemic chemotherapy with cytarabine and cisplatin. The results showed that 86.5% of the patients achieved complete remission and 10.8% achieved partial remission. The overall effective rate was 97.3%. The median remission time was 12 months, and that of two patients was nearly 23 months (26). Tieqin Liu reported in his study that 58 patients with M1a NSCLC with MPE or mural pleural metastasis but without distant organ metastasis underwent primary tumor resection (lobectomy or local resection), mediastinal and intrapulmonary lymph node dissection, intrapleural perfusion chemotherapy, and four to six cycles of platinum-containing chemotherapy after surgery. The results showed that the MST of all patients was 34.3 months, and the five-year survival rate was 12.5%. The five-year survival rate of patients with adenocarcinoma was better than that of patients with other pathological types (32.3% vs 25.4%). The five-year survival rate of patients without a smoking history was significantly higher than that of patients with smoking (40.3% vs 18.6%). The five-year survival rate of patients receiving adjuvant chemotherapy after surgery was better than that of patients without chemotherapy (47% vs 23.1%). Additionally, the five-year survival rate of patients receiving local resection was better than that of patients receiving complete resection (31.4% vs 16.3%) (27). A study conducted by Yasuhiko-ohta et al. included 42 patients with NSCLC with a median age of 63.5 years. All patients were diagnosed with pleural metastasis (M1a). Twenty patients underwent pulmonary wedge resection and pleural resection and pleurodesis, two patients received segmentectomy + pleurotomy and pleurodesis, and nineteen patients received lobectomy + pleurotomy and pleurodesis. The survival analysis showed that the distant metastasis were the only factors affecting the survival of all patients (28).

In our study, 96 patients received surgical treatment, which included either partial or complete resection of the primary tumor and metastasis. All patients received systemic chemotherapy. The 195 patients had an MST of 16 months (95% CI 13.439–18.561), which was similar to the results of previous studies. The MST of patients who underwent surgery was 25 months (95% CI 22.373–27.627), which was better than the MST of patients who received thoracic drainage (11 months, 95% CI 9.978–12.022). The MST of patients who received thoracic drainage was similar to that reported in many previous studies. The one-year and three-year survival rates of the VATS group were 88.6% and 21.6%, respectively, which were better than the respective rates of the thoracic drainage group (36.4% and 1%).

The OS of the patients in the VATS group was statistically analyzed in our study. The survival time of patients receiving lobectomy + pleurodesis (p < 0.01) or sub-lobectomy + pleurodesis (p = 0.001) was significantly better than that of patients receiving only pleurodesis. However, there was no significant difference in survival between lobectomy and sub-lobectomy (p = 0.915). Ohta et al. reported that the three-year survival rate of 42 patients with stage M1a lung cancer who received primary tumor and pleural metastasis was 31.4%, and the MST was 17 months (28). Lida et al. also found that 313 lung cancer patients with only mural pleural metastasis had a five-year survival rate of 29.3% and an MST of 34 months. In that study, 256 patients (81.8%) underwent primary tumor resection, and 152 patients (48.6%) underwent resection of all visible pleural metastases. The five-year survival rates of the two groups were 33.1% and 37.1%, respectively (29). NSCLC with MPE had a worse prognosis and shorter survival time than that with pleural metastasis but without MPE. A clinical study involving 98 patients showed that the survival time of lung cancer patients with MPE was significantly shorter than that of lung cancer patients with only pleural metastasis but without MPE. The MST was 38 vs 13 months in those two groups (30). Therefore, the resection of as many tumor tissues as possible seems to provide better survival benefits. The other two studies also provide a theoretical basis for surgical intervention of lung cancer with pleural metastasis, which is a special type of advanced lung cancer (31, 32). This is similar to the results in our study. The surgical resection of the primary tumor and visible metastasis simultaneously provided better survival benefits than resection of the primary tumor or resection of the pleural metastasis only (HR 0.637, 95% CI 0.409–0.993, p < 0.01). However, there was no significant difference between sub-lobectomy and lobectomy. The underlying reason may be that surgery reduces the tumor burden as much as possible without increasing the risk of death, but additional lobectomy does not provide an OS benefit, similar to early-stage NSCLC. However, it increases the risk of surgery and the potential for a poor pleurodesis effect due to the excessive lung tissue loss. Whether other surgical options, such as lymphadenectomy or total pleural resection, can benefit patient survival remains controversial, and larger sample size trials are necessary to provide theoretical evidence for the optimal surgical model for such patients. As a retrospective clinical study, this study also has some limitations, such as selective bias, which results in not all factors being equal between the two study groups, such as the ECOG score. There was a significantly higher proportion of patients with an ECOG score of 0–1 in the VATS group than in the thoracic drainage group, which may be due to the fact that patients in a good general condition are often selected for surgical operations whereas patients with a poor general condition usually choose a drug treatment with less trauma.



Conclusion

The results of this study showed that VATS was more effective in controlling MPE than thoracic drainage. VATS can significantly improve the OS of patients with advanced lung adenocarcinoma with MPE compared with traditional thoracic drainage methods. Patients who received a lobectomy or sub-lobectomy plus pleurodesis under VATS had a better OS than those who received only pleurodesis under VATS. No smoking history and an ECOG score of 0–1 also improved the OS of these patients.
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Background

The aim of this study was to build and validate a radiomics nomogram by integrating the radiomics features extracted from the CT images and known clinical variables (TNM staging, etc.) to individually predict the overall survival (OS) of patients with non-small cell lung cancer (NSCLC).



Methods

A total of 1,480 patients with clinical data and pretreatment CT images during January 2013 and May 2018 were enrolled in this study. We randomly assigned the patients into training (N = 1036) and validation cohorts (N = 444). We extracted 1,288 quantitative features from the CT images of each patient. The Least Absolute Shrinkage and Selection Operator (LASSO) Cox regression model was applied in feature selection and radiomics signature building. The radiomics nomogram used for the prognosis prediction was built by combining the radiomics signature and clinical variables that were derived from clinical data. Calibration ability and discrimination ability were analyzed in both training and validation cohorts.



Results

Eleven radiomics features were selected by LASSO Cox regression derived from CT images, and the radiomics signature was built in the training cohort. The radiomics signature was significantly associated with NSCLC patients’ OS (HR = 3.913, p < 0.01). The radiomics nomogram combining the radiomics signature with six clinical variables (age, sex, chronic obstructive pulmonary disease, T stage, N stage, and M stage) had a better prognostic performance than the clinical nomogram both in the training cohort (C-index, 0.861, 95% CI: 0.843–0.879 vs. C-index, 0.851, 95% CI: 0.832–0.870; p < 0.001) and in the validation cohort (C-index, 0.868, 95% CI: 0.841–0.896 vs. C-index, 0.854, 95% CI: 0.824–0.884; p = 0.002). The calibration curves demonstrated optimal alignment between the prediction and actual observation.



Conclusion

The established radiomics nomogram could act as a noninvasive prediction tool for individualized survival prognosis estimation in patients with NSCLC. The radiomics signature derived from CT images may help clinicians in decision-making and hold promise to be adopted in the patient care setting as well as the clinical trial setting.





Keywords: non-small cell lung cancer, computed tomography, radiomics, nomogram, survival, TNM staging



1 Introduction

Lung cancer is one of the most common types of cancer and a major cause of mortality worldwide for both men and women (1). Non-small cell lung cancer (NSCLC) is the most common type, which constitutes 84% of all lung cancer cases (2). Moreover, the 5-year survival rate following the diagnosis for the patients is as low as 17%, even though the prognosis and treatment of lung cancer have already been notably improved (3).

The tumor, node, and metastasis (TNM) staging is the most commonly used and universally accepted staging (clinical and pathological) system for cancer. TNM staging is simple to apply and can be highly discriminatory for survival (4). TNM staging is also beneficial in defining optimal therapeutic strategies in clinical trials. TNM staging gives an indication of prognosis as a probability of survival, but not identifying individual outcomes (5). Current prediction models are based on clinical, imaging, and/or pathological information. We can and should look to improve our classifications by determining additional effective prognostic indicators to achieve individualized management in clinical practice.

Recently, some studies have demonstrated the relations between lung cancer-related genes of tumors and survival prognosis, which can be used to improve the predictions from the traditional TNM staging strategies (6). The direct application of such early genetic information without clinical validation is clinically and ethically concerning (7). Tumors are spatially heterogeneous, making it difficult to apply biopsy data in a meaningful way.

Nowadays, with the help of non-invasive techniques and the ability to extract high-precision information, medical imaging becomes a clinical routine for diagnosis and prognosis (8). As an emerging methodology, radiomics has been used to analyze complicated and confounding information and then quantitatively extract valuable information from medical images by using high-throughput calculations (9). To be more specific, radiomics converted the images into mineable, comprehensive quantitative features following four steps (1): image acquisition and reconstruction, (2) segmentation of ROI, (3) feature extraction and quantification, and (4) model construction (10). The radiomics features can be extracted from not only unmanipulated medical images but also images processed by Gaussian and wavelet filters (8).

In the case of lung cancer, medical images reflecting features of tumors usually rely on radiological data (e.g., chest CT and brain MRI scans). At present, it is a common clinical practice for lung cancer patients to undergo CT examinations in order to identify tumor size and location. Features from CT can be used to predict the malignant potential of a nodule on a chest CT based on the correlations between them (11, 12). In addition, some features of a nodule are identified to be closely related to diagnosis (e.g., lung cancer screening) and tumor genomics (13). In the last decade, many studies have been conducted to figure out which factors measured from CT can be correlated to overall survival (OS) for the tumor patients. Radiomics can also be applied to predict response to some certain treatments (14).

Some previous studies have investigated the correlation between radiomics features and survival (15–20). Hawkins et al. built the classifiers that could predict survival time for adenocarcinoma using CT image features. The highest classification accuracy (AUC) was 77.5% (15). Yang et al. showed that PET/CT imaging data can be potentially used as a biomarker combined with clinical factors (distant metastasis, carcinoembryonic antigen, stage, and targeted therapy) in risk stratification for the OS with NSCLC patients. The performance of the model was 0.789 measured by the Harrell’s concordance statistic (C-index) (16). The C-index was the most commonly used performance measure to evaluate the discriminative ability of the developed models for survival data. The calculation of C-index considered the situation of censoring by interpreting for a pair of patients with and without the outcome. It ranged between 0.5 and 1.0; 0.5 indicated the random guesses and 1.0 represented that the predicted probabilities were perfectly the same as the observed survival information. A C-statistic of 0.7 to 0.8 was acceptable, while a C-statistic greater than 0.8 indicated good performance (21, 22). Botta et al. developed the model based on radiomic and clinical features (tumor location and T stage) for OS prediction, and had moderate performance with C-index = 0.57 (17). Xu et al. demonstrated that integrating CT scans at several different time points by the deep learning method could improve clinical prognosis predictions of patients with locally advanced NSCLC (e.g., 2-year OS: AUC = 0.74, p < 0.05) (18). Khorrami et al. showed that changes in CT radiographic characteristics correlated with lymphocyte distribution and could predict OS (HR: 1.64, 95% CI: 1.22–2.21, p = 0.001, C-index = 0.72) and response to immunotherapy in NSCLC (19).  Yang et al. developed a radiomics nomogram by integrating the radiomics signatures extracted from combined 2D and 3D CT images and clinical factors (age, sex, T stage, and N stage) to evaluate the OS with NSCLC patients (C-index = 0.710) (20). However, these studies used limited mining of imaging data due to relatively small sample sizes or only a small number of extracted radiomics features.

Nomograms are generally accepted as a useful and reliable tool to evaluate risk and predict individualized cancer prognosis (23). Our team had successfully developed a radiomics nomogram to distinguish malignant from benign pulmonary nodules for the early screening and diagnosis of lung cancer clinically (24). In this study, we aimed to further develop a radiomics nomogram incorporating traditional clinical factors, such as TNM, for predicting the OS of patients with NSCLC.



2 Materials and Methods


2.1 Study Cohort

A total of 1,524 patients with clinical data and pretreatment chest CT images at the Weihai Municipal Hospital during January 2013 and May 2018 were identified in this study. The inclusion criteria were defined as follows: (1) patients were histopathologically confirmed with NSCLC either by surgical specimen or by preoperative biopsy, (2) patients who received non-contrast-enhanced CT scans during the diagnosis, (3) patients aged ≥18 years, and (4) patients not diagnosed with lung cancer or other types of malignant tumors in the past 5 years. The exclusion criteria were defined as follows: (1) CT images were too blurry to identify the patient’s tumor area, and (2) eligible variables were incomplete. The study protocol was conducted under approval by the Public Health Ethics Committee of Shandong University (Approval No. 20180801). The requirement for informed consent was waived because of the retrospective nature of the study.



2.2 Ascertainment of Exposures

The exposure information consisted of two parts: the clinical data and the assessment of CT scans for each patient. In our study, clinical data were collected from electronic medical record and examination data by oncologists (AL, NX, and DZ) and a data manager (ZW). The following variables were collected: the sociodemographics of the patients (age at diagnosis, sex, smoking status, and drinking status), the presence of any comorbidity [chronic obstructive pulmonary disease (COPD), hypertension, diabetes, coronary heart disease (CHD), and cerebrovascular disease], and pathologic data [histopathological diagnosis, tumor location, tumor (T stage), node (N stage), metastasis status (M stage), and staging].

Smoking status was categorized as never, former, and current smoking. Drinking status was categorized as yes and no. Comorbidities were defined according to the International Classification of Diseases, 10th Revision (ICD-10) code: CODP, J40–J44; hypertension, I10–I15; diabetes, E10–E14; CHD, I20–I25; and cerebrovascular disease, I60–I69. The location of the tumor was categorized as the right upper, right middle, right lower, left upper, and left lower. Pathologic staging was defined in accordance with the eighth edition of the American Joint Committee on Cancer TNM staging system (25).



2.3 Image Acquisition and Radiomics Feature Extraction

The radiomics workflow is presented in Supplementary Figure S1. CT scans were obtained with participants at baseline before percutaneous puncture, bronchoscopic biopsy, or surgery. The included CT images were carried out using a SIEMENS SOMATOM Definition Flash system (Siemens Healthineers, Erlangen, Germany). Detailed CT scan parameters for the reconstructed image were described as follows: the tube voltage, 120 kV; current, 150 effective mAs; beam collimation, 128 × 0.6 mm; pitch, 1.2; slice thickness, 1.0 mm; and gantry rotation time, 0.5 s. These settings were the same for all patients in our study. Both lung window and mediastinum window were included in the CT images of each patient. Here, we used the lung window of the CT images to extract radiomics features.

The segmentation of the tumor region of interest was performed using 3D Slicer (www.slicer.org), a free open-source software (version 4.8.0, National Institutes of Health, Bethesda, MD, USA) (26). Each CT image was semi-automatically segmented for each lesion slice by slice by two doctors in Weihai Municipal Hospital, Weihai, Shandong, China (Dr. Ailing Liu, Department of Respiratory Internal Medicine; Dr. Guiyuan Liu, Department of Radiology) who were blinded to the patient cohort. The guidance of tumor segmentation is listed in Supplementary Material. The interobserver variability of radiomics feature extraction was estimated by the intraclass correlation coefficients (ICC) (27). An ICC value greater than 0.75 was considered to represent good agreement.

The CT scans acquired in the clinical processes, as well as those processed with Gaussian and wavelet filters, had their quantitative radiomics features extracted by using the PyRadiomics library (version 2.1), a free open-source python (version 3.6, https://www.python.org/) package that provides many options to customize extracting the radiomics features from CT images (28). The calculation methods for each radiomics feature were described in the following website: https://pyradiomics.readthedocs.io/en/latest/features.html. Laplacians of Gaussian filtering or wavelet filtering were used in image pre-processing. All radiomics features were defined, adhered to the Imaging Biomarkers Standardization Initiative guidelines, and were assigned into the following three groups: (1) first-order features, (2) shape features, and (3) texture features (29). The features were extracted from the original images and the pre-processed images. In total, 1,288 radiomics features were extracted from CT images per patient (Supplementary Material and Supplementary Table 1). More detailed information about the process of image acquisition and reconstruction, region of interest segmentation, and feature extraction and quantification has previously been described by Liu et al. (24).


Table 1 | Baseline demographic and clinical characteristics in the study.





2.4 Follow-Up

The study outcome was OS, which was calculated from the date of diagnosis (date of surgery or biopsy) to the date of death, recorded via linkages to the database of death registries of Shandong Province by civil ID number, or May 30, 2021, whichever occurred first.



2.5 Statistical Analysis

We randomly assigned 70% of the patients to the training cohort, and 30% to the validation cohort. The training cohort was used to develop the model while the validation cohort was used to qualify the performance of the model. Figure 1 shows the flowchart of the study.




Figure 1 | The flowchart of the study.




2.5.1 Descriptive Analyses

Means ± standard deviations (SDs) or medians [interquartile ranges (IQRs)] were reported for quantitative variables. Frequencies and proportions (N, %) were reported for categorical variables. Quantitative baseline variables were compared with t-tests. Categorical variables were compared by performing the chi-square tests between groups.



2.5.2 Construction of the Radiomics Signature

We used the 10-fold cross-validation Least Absolute Shrinkage and Selection Operator (LASSO) Cox regression model, which was an effective attractive method for high-dimensional data in survival analysis, to select the optimal nonzero coefficient features in the training cohort in order to reduce model overfitting (30). The most critical step for the LASSO Cox regression model was to determine the optimized hyperparameter λ, which ensured minimal model deviation. The radiomics signature for each participant was the weighted sum of all the selected radiomics features in terms of the following formula:  , where N is defined as the total number of selected feature, coefi is the value of non-zero coefficient of the ith selected feature, and Xi is the value of the ith selected feature. The C-index was calculated so as to evaluate the predictive performance of the radiomics signature in both the training and validation cohorts (31). In addition, to validate the potential correlation between radiomics signature with OS, we categorized the patients as low-level and high-level risk based on their median radiomics signature. The Kaplan–Meier method was performed to estimate the OS of the two groups, while the difference in the survival curves was tested using the log-rank test.



2.5.3 Construction and Validation of the Clinical Model

The correlation between OS and each clinical variable including the TNM stage was first analyzed with the univariable Cox regression model. Significant clinical variables whose p-value was less than 0.05 in the univariable analysis were evaluated using the Kaplan–Meier method and then were integrated into a multivariable Cox regression model to identify independent prognostic factors. The final multivariable Cox regression model was constructed using the stepwise backward variable selection process based on the maximum Akaike information criterion (AIC) (32). The corresponding C-index was calculated for evaluating the performance of the predictive probability of OS for each patient in both the training and the validation cohorts.



2.5.4 Construction and Evaluation of a Radiomics Nomogram

Finally, the radiomics nomogram for predicting the OS was established based on the multivariable Cox regression model by combining the radiomics signatures and all the independent clinical risk factors derived from the clinical model. To test the robustness of the risk factors in the radiomics nomogram, we also did the stepwise Cox regression with all the risk factors (the clinical risk factors and the radiomics signatures) to see if the same risk factors remained in this time. The C-index and calibration curve were calculated to evaluate the validity of the established radiomics nomogram (33). To further validate the prognostic ability, the survival probabilities of all the patients were classified into four subgroups using the quartile values derived from the radiomics nomogram as thresholds. Survival curves were estimated for four subgroups using the Kaplan–Meier method and compared statistically using the log-rank test.



2.5.5 Assessment of the Incremental Value of Radiomics Signature

The incremental value of the radiomics signatures to the clinical factors was evaluated by comparing the performance of the radiomics nomogram derived in this study with the clinical model in respect of discrimination (C-index) and calibration (calibration curves). The calibration curves were constructed to show accordance between nomogram-predicted survival probability with the observed survival probability using 1,000 bootstrap resamples (33). The calibration curve along the diagonal line indicated that the predicted probabilities were exactly the same as the actual outcomes, which is the hypothetical perfect situation.

All statistical analyses were performed using the R software (http://www.r-project.org) and a two-tailed p-value less than 0.05 was regarded as statistically significant. The LASSO Cox regression was performed using the R package glmnet. Stepwise AIC was implemented using the R function “step”, and the nomogram was built using the “rms” package.





3 Results

Among 1,524 patients, 44 patients (2.89%) were excluded because they were missing T stage (23 patients) and N stage (37 patients), respectively. Overall, there were 1,480 patients histologically confirmed with NSCLC with complete information in both clinical and CT image data in our study. All the 1,480 patients enrolled had complete follow-up information. Among them, adenocarcinoma (N = 1,218) and squamous cell carcinoma (N = 235) accounted for approximately 98% of patients, while other histology types, such as adenosquamous carcinoma and large cell lung cancer, were present in 2% of patients. Stage distribution of patients was listed as follows: stage IA = 666, stage IB = 220, stage IIA = 42, stage IIB = 125, stage IIIA = 167, stage IIIB = 71, stage IIIC = 15, and stage IV = 174. The observed numbers of deaths were 397 of 1,480 patients. Median follow-up time was 4.06 years (range, 9 days–8.02 years). The median age at diagnosis was 61 years. Approximately one-third of the patients had a history of smoking and COPD. We randomly divided the data into training (N = 1036) and validation cohorts (N = 444). The clinical characteristics are summarized in Table 1.


3.1 Feature Selection and Radiomics Signature Building

The interobserver ICCs ranged from 0.790 to 0.937, indicating favorable interobserver feature extraction reproducibility. Eleven features with non-zero coefficients were taken as the predictive radiomics features, which were obtained by the LASSO Cox regression model using 10-fold cross-validation in the training cohort (Supplementary Materials and Supplementary Figure S2). The optimal λ was 0.064 when the model had the minimum deviance. Then, an individual patient’s radiomics signature was calculated as a linear combination of the selected features weighted by their respective LASSO coefficients (Supplementary Table 2).



3.2 Prognostic Validation of the Radiomics Signature

Cox regression analyses showed that radiomics signatures were significantly associated with OS for NSCLC in both the training cohort (p < 0.001, HR = 3.913, 95% CI: 3.367–4.547) and the validation cohort (p < 0.001, HR = 3.867, 95% CI: 3.100–4.824). Additionally, the performance of radiomics signatures for predicting OS for NSCLC was evaluated using the Cox regression model. The radiomics signature yielded a C-index of 0.808 (95% CI: 0.784–0.831) on the training cohort and 0.820 (95% CI: 0.786–0.853) on the validation set (Table 2).


Table 2 | The C-index with 95% confidence intervals calculated for the training and validation cohorts.



Furthermore, the patients were stratified into low-risk and high-risk groups in terms of the median value of the radiomics signature (−0.716). The Kaplan–Meier method was performed in the training and validation cohorts to analyze the association of the radiomics signature with OS in NSCLC patients (Supplementary Figure S3). Apparently, patients from the low-risk group had a notably better OS when compared with those in the high-risk group by the log-rank test in the training set (p < 0.001). The consensus result was found in the validation cohort.



3.3 Construction of Clinical Model and Radiomics Nomogram

Univariate Cox regression analyses showed that age, sex, smoking status, drinking status, COPD, T stage, N stage, and M stage were significantly associated with an increased risk of death for patients with NSCLC in the training cohort (all p < 0.01, Supplementary Figure S4). Kaplan–Meier survival analysis showed significant difference in the OS by each clinical factor (Supplementary Figure S5). Multivariable Cox analysis included these eight clinical variables and was performed using backward stepwise feature selection based on the maximum AIC. The final clinical Cox regression model included six clinical variables, namely, age, sex, COPD, T stage, N stage, and M stage (all p < 0.05, Supplementary Figure S6).

We integrated the radiomics signatures with the six clinical variables to apply the stepwise multivariate Cox model, which identified that the radiomics signature remained an independent prognostic factor even after adjusting for clinical variables (p < 0.001, HR = 1.829, 95% CI: 1.465–2.283, Supplementary Figure S7). On the basis of the final multivariable Cox model, we constructed a radiomics nomogram that visually depicted the multivariate impact of each variable in the Cox regression model (Figure 2).




Figure 2 | Development of the radiomics nomogram for patients with non-small cell lung cancer by integrating the radiomics signature with clinical information to predict the probability of overall survival at 1, 3, and 5 years.





3.4 Performance of the Radiomics Nomogram

The calibration curves for the probability of 1-, 3-, and 5-year OS showed good agreement between the prediction by the radiomics nomogram and the actual observations in the training cohort and in the validation cohort since the predicted survival probability was very close to the actual survival time of patients (Figure 3). Furthermore, based on the radiomics nomogram, we subdivided the patients in the training cohort into four subgroups according to quartiles of predicted survival probabilities. The same threshold was applied to the validation cohort. A significant distinction between Kaplan–Meier curves was found (p < 0.001 and p < 0.001 in the training cohort and validation cohort, respectively) (Supplementary Figure S8).




Figure 3 | The calibration curves of the radiomics nomogram. (A–F) Calibration curves for predicting patient survival in the training cohort at 1 year (A), 3 years (B), and 5 years (C) and in the validation cohort at 1 year (D), 3 years (E), and 5 years (F). The overall survival predicted by the radiomics nomogram is on the x-axis, while the actual overall survival is on the y-axis. A graph drawn along the diagonal line represents the perfect prediction in which the predicted probabilities is exactly the same as the actual outcomes.





3.5 Assessment of the Incremental Value of Radiomics Signature

The C-index and 95% CI for predicting OS using the clinical model were 0.851 (95% CI: 0.832–0.870) and 0.854 (95% CI: 0.824–0.884) in the training cohort and validation cohort, respectively. The C-index from the radiomics nomogram yielded 0.861 (95% CI: 0.843–0.879) in the training cohort and 0.868 (95% CI: 0.841–0.896) in the validation cohort (Table 2). The radiomics nomogram that integrated the radiomics signature and clinical variables outperformed the clinical model based on clinical variables alone, with a p-value < 0.001 in the training cohort and p = 0.002 in the validation cohort.




4 Discussion

Lung cancer is the world’s leading cause of cancer death. Screening for lung cancer by low-dose computed tomography reduces mortality. The NSCLC TNM staging system was developed by the International Association for the Staging of Lung Cancer (IASLC) Lung Cancer Staging Project by a coordinated international effort to develop data-derived TNM classifications with significant survival differences. Based on these TNM groupings, current 5-year survival estimates in NSLCC range from 73% in stage IA disease to 13% in stage IV disease. TNM stage remains the most important prognostic factor in predicting recurrence rates and survival times, followed by tumor histologic grade, and patient sex, age, and performance status (34). However, the wide spectrum of survival times that exists even after complete resection of the same-staged NSCLCs demonstrates the importance of other prognostic factors.

We have developed a radiomics nomogram for predicting the OS of patients with NSCLC in an Eastern Chinese population. The prediction model included the radiomics signatures derived from the CT images using the LASSO Cox regression, and six traditional clinical factors, namely, age, sex, COPD, T stage, N stage, and M stage. The model was developed in the training cohort (N = 1,036) and validated in the test dataset (N = 444). The model showed good discrimination, which was indicated by the C-index over 0.86 in both the training cohort and the validation cohort. The calibration curves for probability of OS demonstrated good agreement between the prediction by the radiomics nomogram and the actual observations. Risk group stratification further guaranteed the prediction power of the established model, and also confirmed the reliability of our results.

Radiological medical images provide patient and tumor-specific information that could provide insights into personalized medicine and be used to improve clinical prognosis assessment. So far, many studies have demonstrated the effectiveness of radiomics for the prognosis of NSCLC (15, 20, 35). Yang et al. developed a radiomics nomogram by combining the radiomics signatures and four clinical predictors (age, sex, T stage, and N stage) to evaluate the OS with NSCLC patients. The performance of the model was 0.710 measured by the C-index (20). This model was similar to our model, except that we included the M stage as the prognosis factor in the radiomics nomogram (HR = 1.670, 95% CI: 1.254–2.223, p < 0.001), and could be applied to a wider range of NSCLC. Moreover, researchers have found that COPD could be a driving factor in lung cancer by increasing oxidative stress and causing DNA damage, inhibiting DNA repair mechanisms, and increasing cell proliferation (36, 37). We have included COPD in our model to make a more precise prediction of OS in NSCLC.

The advantages of our model compared with the other models in predicting NSCLC are listed as follows (1): more comprehensive quantitative features (N = 1,288) were extracted from CT images than the previous study, which led to deeper mining of medical imaging; (2) these studies usually employed methods such as the Kaplan–Meier method to clarify the correlation between radiomics features and prognosis. In this study, we used the tenfold cross-validation LASSO Cox model to select the optimal features from 1,288 radiomics features, which contains first-order statistical features, shape-based features, statistical-based texture features, and Gaussian and wavelet information that could improve the stability of the radiomics model. Eleven features were used to construct the radiomics signatures. Our team had successfully established the radiomics nomogram as a preoperative prediction tool for malignant pulmonary nodule diagnosis. The validation results showed that the nomogram has good discrimination (C-index = 0.809) and calibration capacities, which indicated its clinical application in the early screening of lung cancer (24). (3) The sample size (N = 1,480) was larger than the previous study; (4) the clinical information was thorough compared with the previous study. We included the sociodemographics of the patients (age at diagnosis, sex, smoking status, and drinking status), the presence of any comorbidity (COPD, hypertension, diabetes, CHD, and cerebrovascular disease), and pathologic data (tumor location, T stage, N stage and M stage) to obtain the optimal prediction clinical variables. Six independent prognostic factors (age, sex, COPD, T stage, N stage, and M stage) were identified by the multivariate Cox model based on the AIC criteria for the best combination to predict the OS and entered into the nomogram; (5) the radiomics signature was an independent prognostic factor and outperformed clinical features in predicting OS of NSCLC patients. Our model yielded a higher C-index of 0.868 (95% CI: 0.841–0.896) in the validation cohort. The performance of our model was measured in a number of ways including calibration and the risk stratification analysis.

In this retrospective study, the data were collected from the Weihai Municipal Hospital located in East China. The characteristics of this Eastern Chinese lung cancer population differ considerably from other, particularly Western, lung cancer populations. On average, people from East China are richer than those in Central and West China, and thanks to widespread screening programs, residents are more willing to undergo routine physical examinations, which is helpful for the early diagnosis of lung cancer. There is a substantial portion of our patients (~60%) who belong to stage I, which inevitably decreases the death rate for the case mix. As shown in Table 1, approximately one-third of the patients had a history of smoking and COPD. Female smokers comprise less than 5% of the female patients with lung cancer in our study, which is consistent with a previous study in China and also significantly different from Western lung cancer populations (38). COPD incidence is highly correlated with smoking and female never-smokers comprise a large proportion leading to a lower COPD rate.

In our study, though the radiomics nomogram that integrated the radiomics signature and clinical variables outperformed the clinical model alone (C-index: 0.868 vs. 0.854, p-value = 0.002 in validation cohort), the improvement of OS prediction was not very large. Considering that, to some extent, the important prognostic factors (TNM staging, age, etc.) have already been defined. On the other hand, the prediction accuracy of the radiomics signature alone is just slightly lower than the clinical model (C-index: 0.820 vs. 0.854). Therefore, the radiomics signature could also serve as an alternative or auxiliary methodology for the clinical model and confer benefits for the oncologist’s decisions.

Our study also has limitations. First, although there are some studies that apply radiomics to PET-CT image data in lung cancer prognosis prediction, we restricted our radiomics study to CT scans, since currently the CT scans were the primary means for monitoring lung cancer in a real-world clinical environment. Other examination methods are required for comprehensive disease assessment. In the future, we could further target other types of images to evaluate the general condition (such as MRI and ultrasound radiography) and obtain a more precise performance of our model. Secondly, we did not include the treatment variables (such as surgery, radiotherapy, chemotherapy, or targeted therapy) in our study. We hope to include these variables to improve the model performance in a future study. Our model performs well in the absence of treatment information (C-index over 0.86), which also proves the importance of radiomics. Third, the follow-up time was not long enough to obtain each patient’s end point, indicating the heterogeneity of tumor development. Further efforts on patient follow-up are encouraged to improve our model. Finally, this study collected data from a single center; although we divided the validation set to evaluate the stability of model, it is obvious that data from multicenter cohorts and different populations are better. Therefore, further multicenter studies are encouraged to promote the model generalization and improvement. Future prognostication of outcomes in NSCLC will likely be based on a combination of general condition, radiomics, TNM stage, treatment, and molecular tumor profiling, yielding more precise, individualized survival estimates and treatment algorithms.

In summary, we have developed a radiomics nomogram that combines the optimal radiomics signature from CT images with the TNM staging and other clinical information (age, sex and COPD), showing a significant improvement in predicting OS compared with clinical predictors alone. This nomogram should be validated in other Eastern Chinese populations with NSCLC and in other localities, as this work indicates that the radiomics signature increases the precision of survival prediction.
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Background

The purpose of this study is to predict overall survival (OS) and lung cancer-specific survival (LCSS) in patients with stage IIIA-N2 unresectable lung squamous cell cancer (LUSC), lung adenocarcinoma (LUAD), and large cell neuroendocrine cancer (LCNEC) by constructing nomograms and to compare risk and prognostic factors affecting survival outcomes in different histological subtypes.



Methods

We included 11,505 unresectable NSCLC patients at stage IIIA-N2 between 2010 and 2015 from the Surveillance, Epidemiology, and End Results (SEER) database. Moreover, competition models and nomograms were developed to predict prognostic factors for OS and LCSS.



Results

Analysis of the SEER database identified 11,505 NSCLC patients, of whom 5,559 (48.3%) have LUAD, 5,842 (50.8%) have LUSC, and 104 (0.9%) have LCNEC. Overall, both OS and LCSS were significantly better in stage IIIA-N2 unresectable LUAD than in LCNEC, while there was no statistically significant difference between LUSC and LCNEC. Age, gender, T stage, chemotherapy, and radiotherapy were significantly associated with OS rates in LUAD and LUSC. However, chemotherapy was the only independent factor for LCNEC (p < 0.01).From competitive risk models, we found that older age, larger tumors, non-chemotherapy and non-radiotherapy were associated with a increased risk of death from LUAD and LUSC. Unlike prognostic factors for OS, our study showed that both chemotherapy and radiotherapy were all LCNEC-specific survival factors for both LCSS and non-LCSS LCNEC.



Conclusion

Our study reports that unresectable patients with stage IIIA-N2 LCNEC and LUSC have worse LCSS than LUAD. The study’s first prognostic nomogram constructed for patients with unresectable stage IIIA-N2 NSCLC can accurately predict the survival of different histological types, which may provide a practical tool to help clinicians assess prognosis and stratify these prognostic risks to determine which patients should be given an optimized individual treatment strategy based on histology.





Keywords: nomogram, lung cancer-specific survival, non-small cell lung cancer, histology, unresectable



Introduction

Lung cancer is the leading cause of cancer-related mortality worldwide. According to the latest data from the World Health Organization’s (WHO) International Agency for Research on Cancer (IARC), lung cancer has become one of the leading new cases and deaths worldwide in 2020. Non-small cell lung cancer (NSCLC) is the predominant histological type, accounting for approximately 85% of cases, with the majority of patients diagnosed at advanced unresectable stages (1). Of these, about 30% of NSCLC patients with IIIA or IIIB cannot be treated by surgical resection (2). The majority of patients who lose the chance of surgical treatment reportedly receive platinum-based chemotherapy (3). Patients with stage III non-surgical lung cancer achieve improved survival by modulating the dose of radiotherapy (4). These approaches provide partial remission, but patients’ 5-year overall survival (OS) remains suboptimal (5).

Chemotherapy or radiotherapy has been reported to exhibit tissue heterogeneity in the treatment of cancer patients. The most recent systematic evaluation analysis concluded that chemotherapy had different effects on OS in triple-negative breast cancer patients with different tissue subtypes (6). Jiang et al. demonstrated that the efficacy of chemotherapy was not statistically significant for signet ring cell cancer (SRCC) and adenocarcinoma (AD) in stage II colon cancer, whereas chemotherapy for stage III SRCC significantly reduced the risk of cancer-specific death (7). Another study found that radiotherapy for urothelial carcinoma improved OS in patients with AD and transitional cell carcinoma, but had no significant effect on squamous cell carcinoma (8). Based on these reports, histological subtype can play an important role in the selection of treatment and in predicting the survival outcomes of cancer patients.

NSCLC is known to include three subtypes: lung adenocarcinoma (LUAD), lung squamous carcinoma (LUSC), and large cell lung cancer (LCLC), with the former two being the most common ones. According to the 2015 Lung Tumor Classification by WHO, large cell neuroendocrine carcinoma (LCNEC) is a rare histologic lung cancer type in LCLC, with an incidence of approximately 3% (9). LCNEC has similar characteristics to small cell lung cancer with high invasiveness and recurrence rates and has a poor impact on patients’ survival (10). However, due to its low incidence, it has been rarely studied. The latest Clinical Guidelines for Non-Small Cell Lung Cancer (CSCO) state that LCNEC is a tissue subtype that differs from LUAD and LUSC. Therefore, it is necessary to explore the clinicopathological features, treatment, and prognosis of LCNEC.

Previous studies have found differences in tumor characteristics and prognosis among different tissue types of lung cancer (11). The efficacy of stereotactic body radiation therapy (SBRT) in patients with early-stage NSCLC showed histologically significant differences, and a multicenter study found that LUSC showed a worse OS status compared to LUAD (12). Previous studies have also found that patients with Phase III N2 LUSC treated with surgical resection after neoadjuvant chemotherapy with docetaxel-cisplatin (DP) had significantly better outcomes and survival rate than patients with LUAD (13). Not surprisingly, although clinical decision-making in NSCLC patients is still based on the tumor node metastasis (TNM) stage, the impact of different histologic subtypes on survival remains controversial. Recent literature reported the difference in postoperative survival of N2-III NSCLC patients with different histologic types and found that the OS rate of LUSC patients was worse than that of LUAD patients (14). However, whether different histological types affect the survival of unresectable stage IIIA-N2 patients is poorly defined.

Therefore, the main objective of this study is to assess how survival outcomes in inoperable stage N2-IIIA NSCLC patients vary by histologic subtypes. To assess independent risk factors for OS and lung cancer-specific survival (LCSS) for different histological subtypes, we developed a nomogram and competing risk model for unresectable patients with stage IIIA-N2 based on the SEER database.



Method


Study Design and Patient Selection

The NSCLC patients included in stage IIIA-N2 were cases from 2010 to 2015 (using the 7th edition of AJCC Cancer Staging Manual 7 classification). Corresponding details were taken from the SEER public access database and the SEER statistics version is 8.3.5.

Inclusion criteria were as follows: (a) NSCLC diagnosed as stage IIIA-N2 from 2010 to 2015; (b) histological subtypes only included LUAD, LUSC, and LCNEC; and (c) patients who could not undergo surgical resection excluding those who received surgical treatment.

Exclusion criteria were as follows: (a) patients with a follow-up period of less than 1 month or the follow-up time was not recorded in the SEER data; and (b) patients with incomplete clinicopathological or follow-up data.



Statistical Analysis of Overall Survival

First, chi-square and t-tests were used to compare statistical differences in the proportions of the variables in the three groups with different tissue types. Survival curves drawn by the Kaplan–Meier method were used to compare the differences in the OS of the variables. Univariate and multivariate analyses were performed by Cox regression models, and independent risk factors were determined by multivariate analysis. Hazard ratios (HRs) and corresponding 95% confidence intervals (CIs) were calculated. Statistical analysis was performed by SPSS 26.0, and a p-value < 0.05 was considered statistically significant.

According to the significant independent risk factors, a nomogram model was established with survival and rms R-packages. The nomogram model was built and validated with guided internal verification. Discriminatory ability was determined by applying a Harmony Index (C-index). The 1-, 3-, and 5-year operating systems were calibrated to compare the predicted survival rate with the observed survival rate, and a calibration curve is provided. The above statistical analysis was performed using R version 4.1.0.



Statistical Analysis of Lung Cancer-Specific Survival Rate

Cumulative incidence curves of lung cancer-related mortality (from the date of diagnosis) were constructed to compare LCSS with non-LCSS and to calculate mortality from other causes. Statistical comparisons of potential harms were performed using the Fine and Gray test (15). Using competing risk regression (Fine and Gray method), we analyzed risk factors for lung cancer-related mortality for three tissue subtypes, LUAD, LUSC, and LCNEC, including age, sex, T stage, histology, chemotherapy, and radiotherapy. We then used rms, cmprsk, and mstate R-packages to create corresponding nomograms for 1 year, 3 years, and 5 years of competitive risk models. p-values less than 0.05 were considered statistically significant.




Results


Clinical Characteristics of the Patient

As shown in Figure 1, 21,690 NSCLC IIIA-N2 patients diagnosed between 2010 and 2015 were finally selected for this study, of which 11,505 met the inclusion criteria for the study. Based on the histological type of NSCLC, we divided unresectable IIIA-N2 patients into the LUAD group (5,559), the LUSC group (5,842), and the LCNEC group (104). In Table S1, we divided the included patients into three histological types and compared the basic demographic and clinicopathological characteristics of patients in the three cohorts.




Figure 1 | The flowchart for patient selection.





Independent Risk Factors for Overall Survival

Tables 1–3 show univariate and multivariate analyses of OS in patients with unresectable IIIA-N2 in LUAD, LUSC, and LCNEC, respectively.


Table 1 | Univariate and multivariate analyses for OS in patients with unresectable IIIA-N2 LUAD.




Table 2 | Univariate and multivariate analyses for OS in patients with unresectable IIIA-N2 LUSC.




Table 3 | Univariate and multivariate analyses for OS in patients with unresectable IIIA-N2 LCNEC.



In the LUAD group, univariate analysis showed that age, gender, region (South, Alaska, and Pacific coast), tumor location (middle lobe), T stage (T1b, T2a, and T2b), chemotherapy, and radiotherapy were significantly associated with OS (p < 0.05). Multivariate analysis using Cox regression found that age, gender, region (Northern Plains, Alaska, and Pacific Coast), T stage (T1b, T2a, and T2b), chemotherapy, and radiotherapy were independent risk factors for LUAD (p < 0.05).

Univariate analysis in the LUSC group showed that age, gender, region (South), tumor location (middle and lower lobe), T stage (T1b, T2a, and T2b), chemotherapy, and radiotherapy were significantly different from OS (p < 0.05). Multivariate analysis using Cox regression showed that age, gender, T stage (T1b, T2a, and T2b), chemotherapy, and radiotherapy were independent risk factors for LUSC (p < 0.05).

In the LCNEC group, univariate analysis showed that age (60–79 years), chemotherapy, and radiotherapy were significantly different from OS (p < 0.05).The multivariate analysis with Cox regression showed that only chemotherapy was an independent risk factor for LCNEC (p < 0.05).



Overall Survival Prognostic Analysis of Patients With Unresectable Stage

OS was better in LUAD than in LUSC and LCNEC, but there was no significant difference between LUSC and LCNEC (p <0.001) (Figure S1). According to our multivariate analysis, as shown in Figure S2, age (p < 0.05), sex (p <0.05), T stage (p <0.001), chemotherapy (p <0.001), and radiotherapy (p <0.001) were significant prognostic factors of OS in the LUAD and LUSC groups. Among patients with LUAD and LUSC, younger age, female, early T stage, and incorporating chemotherapy and radiotherapy had better OS. However age, sex, and T stage were not significantly related to LCNEC. In the LCNEC group, patients who received chemotherapy or radiotherapy had a better OS rate than those who did not receive treatment (p <0.001).



Creation and Verification of Nomograms

Based on the independent risk factors obtained from Cox regression analysis, the nomogram was constructed to explore the OS rate of 1, 3, and 5 years for patients who were in an unresectable stage in IIIA-N2 (Figure 2). The calibration curves for the LUAD, LUSC, and LCNEC groups showed good agreement between the predictions of the nomograms and the actual observations of the OS at 1, 3, and 5 years. We examined the discrimination against nomograms, showing good predictive accuracy and clinical applicability, with C-index values of 0.638, 0.649, and 0.688 for the three groups, respectively.




Figure 2 | A nomogram for the prediction of 1-, 3-, and 5-year OS rates and the corresponding calibration curve: (A) LUAD, (B) LUSC, and (C) LCNEC.





Prognostic Factor Analysis of LCSS

In Figure 3, we proceeded to divide the patients into three different tissue subtypes to explore the cumulative risk of LCSS in each tissue subtype under different factor stratifications. As shown in Figure 3A, there was a statistically significant difference (p < 0.001) in the cumulative incidence of LCSS across age groups in LUAD and LUSC after controlling for competing risk events. In particular, the ≥80 years age group was significantly higher than the other groups (60–79, 40–59, and 20–39 years age groups). However, in the LCNEC group, there was no statistical significance (p = 0.32). As shown in Figure 3B, when patients were grouped by gender, the cumulative incidence of LCSS was significantly higher in male than in female patients in the LUAD group alone (p < 0.001), whereas there was no statistically significant difference between the cumulative incidence of LCSS in the LUSC and LCNEC groups (p = 0.53 and p = 0.28, respectively). Similarly, when stratified by T stage after controlling for competing risk events, the differences in the cumulative incidence of LCSS between the LUAD and LUSC groups were statistically significant for T1a, T1b, T2a, T2b, and T3, with patients in T1a having a lower cumulative incidence of LCSS than in T1b, T2a, T2b, or T3 (p < 0.001, Figure 3C). However, there was no difference in the LCNEC group (p = 0.52). In addition, the cumulative incidence of LCSS was significantly lower in patients receiving chemotherapy and radiotherapy than in those not receiving chemotherapy and radiotherapy in all three subtypes (p < 0.001, Figures 3D, E).




Figure 3 | Competing risk analyses for patients in the LUAD, LUSC, and LCNEC group according to (A) age, (B) sex, (C) T stage, (D) chemotherapy, and (E) radiation.





Constructing a Prognostic Nomogram for the Competitive Risk Model

The nomogram for predicting LCSS is based on five independent risk factors: age, sex, T stage, chemotherapy, and radiotherapy (Figure 4). Each independent risk factor corresponds to a specific score by drawing a line on the dotted axis. The total score reflects the sum of the scores for each factor and is drawn directly down from the total point axis to the LCSS axis at 1, 3, and 5 years, corresponding to the predicted probability of LCSS at 1, 3, and 5 years.




Figure 4 | A nomogram for the prediction of 1-, 3-, and 5-year LCSS rates: (A) LUAD, (B) LUSC, and (C) LCNEC.






Discussion

In this study, we analyzed the survival of 11,505 patients with unresectable NSCLC (LUAD, LUSC, and LCNEC) diagnosed between 2010 and 2015 according to histologic subtypes in the SEER database. Based on statistical methods, we evaluated independent predictors of OS in patients with stage IIIA-N2 NSCLC of three histological subtypes. Three nomograms were constructed using the above factors to quantify survival at 1, 3, and 5 years. Calibration analyses were performed to assess the accuracy and validity of these line graphs. Finally, by controlling for competing risk events, we assessed the cumulative incidence of competing risks in the three tissue subtypes and constructed competing risk models and nomograms based on independent predictors. Although several models are available to predict the prognosis of lung cancer, a risk model focusing on different histological subtypes in unresectable IIIA-N2 stage patients has not been developed for patients with NSCLC. Therefore, the aim of this study was to develop a practical survival prediction model for individualized prediction of survival in patients with unresectable stage IIIA-N2 NSCLC.

Whether histologic subtype affects patient outcomes and survival is controversial. To reduce bias in this study, we included patients with LUSC, LUAD, and LCNEC as defined according to the AJCC 7th edition guidelines to ensure that most patients were treated in a relatively consistent and modern manner. In our study, age, gender, T stage, chemotherapy, and radiotherapy were all independent risk factors for LUAD and LUSC. Our results are consistent with those of recent years exploring the impact of tissue staging on survival and prognosis in NSCLC. The OS was significantly higher in LUAD than in LUSC, and LCSS was significantly lower in LUSC than in LUAD after controlling for competing risks (16, 17). Several studies have shown that LUSC is one of the most aggressive cancers, with a 5-year survival rate of only 10%. Smoking and alcohol consumption are important factors for the low survival rate and accelerated tumor progression in LUSC, which has been confirmed by many studies (18, 19).

To further determine the cause of the survival difference between LUAD and LUSC, a competing risk model was developed. The competing risk model was able to make better clinical predictions than the traditional Kaplan–Meier and Cox regression models. Age, gender, chemotherapy, and radiotherapy were independent risk factors for LCSS in the LUAD and LUSC groups. Compared with the older group, younger non-surgical NSCLC patients had significantly different LCSS, and after controlling for competing risk events, male LUAD patients had significantly lower LCSS than women, but there was no significant difference between the LUSC and LCNEC groups. Age is an important factor influencing lung cancer survival (20). Arnold et al. also found that the OS rate of NSCLC patients and the LCSS rate were significantly better in younger patients than in older patients (21). However, a 2015 retrospective study in Germany found that female lung cancer patients had significantly higher survival rates than men, but they stated that the high survival rates in women were independent of histology (22). This study found that female patients were more likely to develop AD, while male patients tend to suffer from squamous cell carcinoma. Perhaps due to the increased number of women smoking and the sensitivity of women to nicotine, there was no significant difference in the incidence of squamous cell carcinoma similar to the findings of Wheatley et al. (23). It is not difficult to find that age and gender are indeed important factors affecting LUAD and LUSC in this study, but due to the heterogeneity of the survey population, there are many factors that affect the survival of patients, which makes it worthy to provide more targeted and personalized treatment options for lung cancer patients in future clinical treatments and prospective studies.

Previous studies have found that LCNEC, a rare neuroendocrine carcinoma, has a lower survival rate than other NSCLCs (24, 25). In our study, a histological subtype of LCNEC was also available, and we found a significantly lower survival rate than LUAD from the survival curves, but there was no difference in the OS rate with LUSC. This may be due to the fact that only 104 patients with LCNEC met the inclusion criteria for this study, and it is difficult to develop a statistically significant trend due to the small sample size. Although there are fewer studies on unresectable LCNEC, a retrospective study found better survival in patients with stage IA or IB LCNEC who received chemotherapy after surgical resection (26). In an early case report, a combination of irinotecan and fractionated-dose cisplatin chemotherapy was found to be significantly more effective in older LCNEC patients (27). In this study, by controlling for competing risks, we also found that patients with stage IIIA-N2 unresectable LCNEC who received chemotherapy had a higher LCSS rate compared to those who did not receive chemotherapy.

Nomograms for OS and LCSS were constructed based on three tissue subtypes to provide more refined and personalized survival predictions for physicians and patients. In our study, chemotherapy and radiotherapy were independent risk factors associated with LCSS with important histologic subtypes. A retrospective study of the outcomes of unresectable stage III NSCLC patients treated with chemotherapy and radiotherapy from 2000 to 2013 also found that chemotherapy and radiotherapy were important in improving survival (5). In addition, with the overall development of lung cancer treatment, an increasing number of therapeutic approaches and predictors have shown great potential in improving patient survival and modeling lung cancer prognosis. The study by Antonia et al. found that the addition of immunotherapy to chemotherapy in patients with stage III unresectable NSCLC significantly improved OS (28). A recent study reported that gefitinib combined with pemetrexed and carboplatin chemotherapy significantly improved both treatment efficacy and survival in EGFR-mutant advanced NSCLC (29). Therefore, in addition to chemotherapy and radiotherapy, targeted therapy, immunotherapy and combination therapy may provide more personalized and specialized options to improve patient survival. Furthermore, a 2021 study by Avanzo et al. found that the application of radiomics is of great value in improving lung stereotactic body radiation therapy (30). In clinical practice, radiomics is an emerging field of research, and it is used as a predictive tool for responses and treatment outcomes. It may be a new strategy to predict the efficacy of radiotherapy in lung cancer patients, providing new ideas for patients to choose the best treatment regimen.

In addition, based on nomograms and competing risk models, we can more accurately distinguish and predict the survival of patients with different T stages. Our study found that after controlling for competing risk events, stage T1a patients had lower cumulative morbidity in the LUAD and LUSC groups than patients at stage T1b, T2a, T2b, or T3. Using the nomogram, we could also predict the 1-, 3-, and 5-year survival scores of patients with different T stages based on inoperable stage IIIA-N2 NSCLC patients.

However, our study has several limitations. Firstly, our study was retrospective and included Americans and heterogeneous individuals. Secondly, the treatment records in the SEER database did not contain information on the name of chemotherapy drugs, number of chemotherapy treatments, radiation dose, and number of radiation treatments. Thirdly, the database did not contain important clinical information, such as smoking history, lymphovascular invasion, neural invasion, cancer thrombosis, tumor recurrence, and related treatments. Fourthly, tumor mutation-driver genes such as EGFR, ALK, and ROS1 and the use of targeted therapies were not recorded in the SEER data, and reflecting the time period of this study, neither were tumor PDL-1 status and the use of immunotherapy. Finally, because this study was not validated in multiple centers, we could confirm the findings in our future large-scale multicenter prospective study.

In conclusion, unresectable patients with stage IIIA-N2 LCNEC and LUSC had worse LCSS compared with LUAD. In our study, the prognostic nomogram constructed for patients with unresectable NSCLC in stage IIIA-N2 could accurately predict survival by histological type, which may be a practical tool for clinicians to assess prognosis and stratify these prognostic risks, thus providing patients with more optimized and personalized treatment strategies based on histology.
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Background

Because of the high incidence and poor prognoses of lung adenocarcinoma (LUAD), it is essential to identify cost-effective treatment options and accurate and reliable prognostic biomarkers. CDCA4 upregulation has been identified in many cancers. However, the prognostic importance of CDCA4 and its role in LUAD remain unknown.



Methods

CDCA4 expression was assessed through IHC, Western blotting (WB) and RT-PCR. The Cancer Genome Atlas (TCGA) provided data from 513 patients to study the expression and prognostic relevance of CDCA4 in LUAD. This study used gene set enrichment analyses (GSEA), gene ontology and KEGG pathway analyses for elucidating potential mechanisms underpinning the function of CDCA4 in LUAD. We also investigated correlations between immune infiltration and CDCA4 expression with single specimen GSEA (ssGSEA).



Results

According to database analysis and identification of patient tissue samples, CDCA4 expression in tumour tissues surpassed that in normal tissues (P< 0.001). Increased CDCA4 expression was positively correlated with a higher T, N, pathologic stage and poor primary therapy outcome. In addition, the Kaplan–Meier plotter exhibited that an elevated CDCA4 expression was related to worse disease-specific survival(DSS) and overall survival (OS) (DSS HR= 5.145, 95% CI=3.413-7.758, P<0.001; OS HR=3.570, 95% CI=2.472-5.155, P<0.001). Then multivariate COX regression analyses indicated that the CDCA4 gene was an independent risk consideration for prognoses. GO and KEGG results showed that CDCA4 and its neighbouring genes were enriched in the cell cycle and DNA replication. As determined by GSEA, CDCA4 was related to various immune-related signalling pathways (SPs), Homologous recombination, DNA replication and the cell cycle. SsGSEA analysis showed a significant association between CDCA4 expression and Th2 cells, mast cells, eosinophils and Th17 cells.



Conclusions

CDCA4 expression is increased in LUAD and is a potential predictive biomarker and therapeutic target.
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Introduction

Lung cancer is the most common type of cancer and the primary reason for cancer deaths globally (1). Unfortunately, most lung cancer patients are not detected until the metastatic stage (2). Despite continued advances in treatment strategies (like immunotherapy, targeted therapy, chemotherapy, radiotherapy and surgery), the prognoses remain bleak, with a five-year relative survival rate of only 19.7% in China (3). The five-year relapse-free survival (RFS) after surgical resection is only 70% (4). Based on histological type, non-small cell lung cancer (NSCLC) made up approximately 85% of lung cancer, while lung adenocarcinomas (LUAD) made up nearly 40% (5). LUAD possesses a high burden of tumour mutations such as EGFR, HER2, BRAF, ROS1, ALK, and KRAS (6–9). The discovery of these biomarkers has revolutionized the therapeutic landscape of advanced LUAD. However, the prognosis of LUAD remains unsatisfactory because of its remarkable heterogeneity and aggressiveness. Therefore, developing novel tumour biomarkers with high specificity and sensitivity is crucial for the early detection, treatment and prognosis of LUAD.

The cell division cycle-associated (CDCA) protein family (CDCA1-8) is involved in the cell cycle, which is closely related to carcinogenesis (10, 11). Efforts have been made to identify CDCA genes as biomarkers for the development and prognosis of different malignancies (12, 13). The up-regulation of CDCA gene expression may play a vital role in ovarian cancer oncogenesis through the PLK1 pathway (13). CDCA4, known as HEPP/TRIP-Br3/SEI-3 as well, is associated with the G1/S transition transcription factor. It encodes a protein member of the E2F family of transcription factors involved cell cycle regulation and DNA synthesis (14). According to earlier studies, through the E2F/retinoblastoma protein pathway, CDCA4 controls cell proliferation and E2F-dependent transcriptional activation (15). Various studies have extensively confirmed the close relationship between CDCA4 upregulation and tumorigenesis (12, 13, 16). There is evidence that overexpression of CDCA4 stimulates proliferation and inhibits apoptosis in MCF-7/ADM human breast cancer cells (16). CDCA4 regulates the mRNA expression of the JUN oncogene and acts as a critical determinant of cell fate (17). Notably, overexpression of CDCA4 is directly associated with reduced post-progression survival (PPS) in ovarian cancer (13). CDCA4 has been validated as a prognostic biomarker for various malignancies (12, 18). Wu et al. and colleagues found that increased CDCA4 mRNA expression was strongly related to survival in patients featuring squamous cell carcinoma of the head and neck (12). However, the link between CDCA4 expression and LUAD remains to be fully explored.

The objectives of this study were 1) to understand whether CDCA4 expression correlates with clinical and pathological aspects in patients with LUAD; 2) to investigate the predictive value of CDCA4 in LUAD; 3) to evaluate the expression model of CDCA4 in tumour and peritumor lung tissues, and 4) to understand the underlying mechanisms using bioinformatics analysis. In addition, an online tumour infiltration immune cell tool was employed to assess the association between CDCA4 expression and the clinical characteristics of LUAD.



Materials and methods


Clinical samples

From January to December 2020, 39 patients with LUAD underwent surgery in the Department of Thoracic Surgery at Hunan Provincial People’s Hospital and paired tumour and normal tissue (>5 cm proximity) specimens adjacent to the tumour were collected for real-time quantitative PCR (RT-qPCR), WB, and immunohistochemical (IHC) experiments. The clinical characteristics of the 39 individuals can be obtained in Supplementary Tables 1, 2. All selected patients received surgery without neoadjuvant therapy, autoimmune diseases or other malignant tumors. The ethics committee of Hunan Provincial People’s Hospital authorized this study (No.202049). All patients completed written informed consent, and no additional special treatments were administered preoperatively.



Immunohistochemistry

LUAD tissues which contained 39 tumours and paired normal tissues were used for immunohistochemical staining of CDCA4. Hematoxylin and eosin staining of the tumour and normal tissues close to the tumour followed by immunohistochemical staining. The main staining procedure was as follows. Four-millimetre-thick paraffin sections were dewaxed with xylene and washed in an ethanol gradient. After antigen retrieval featuring EDTA buffer (pH=9.0), endogenous peroxidase activity was eliminated by adopting 3% H2O2 for 10 minutes and incubated with CDCA4 polyclonal antibody (1:300; No. YT0820; ImmunoWay Biotechnology, USA) at 4°C overnight. After rinsing three times with PBS, add the primary antibody and incubate them with the secondary antibody (Goat Anti-Rabbit IgG Antibody-HRP; No.201105S407q; Maixin Biotech Co., Ltd, Fuzhou, China) for 50 min at room temperature(RT). After rising in PBS for three minutes, incubate the sections and stain them with a DAB colour development kit (Fuzhou Maixin Biotech Co., Ltd., China), followed by hematoxylin staining, drying and mounting. CDCA4 expression was quantified in at least five locations under 200x magnification based on staining intensity (0–3) and the proportion of positively stained tumour cells (0-100%). The following are the scoring guidelines. 0 denotes no staining; 1 denotes weak yellow-brown staining; 2 denotes modest yellow-brown staining; and 3 denotes severe yellow-brown staining (strong staining, brown). The latter were classified as follows: 0 (negative); 1 (approximately 25% positive cells); 2 (approximately 25% to 50% positive cells); 3 (approximately 51 to 75% positive cells); and 4 (approximately >75% positive cells). Immunostaining was reviewed separately by two professional pathologists who kept the clinical results of the patients confidential.



Quantitative real-time PCR analysis

Quantify CDCA4 expression by employing real-time reverse transcription-polymerase chain reaction (RTPCR). Isolate total RNA from tumours, and adjacent normal tissues of 10 patients by applying Trizol reagent (TianGen, Beijing, China) and reverse transcribe them into cDNA using RevertAid reverse transcriptase (Thermo, USA) according to the producer’s instructions. Perform qRT-PCR by employing PerfectStart Green qPCR 2x SuperMix (TransGen Biotech, China) and the Q1 Real-Time System (ABI), with GAPDH as an internal reference. Use the primers below in the qRT-PCR. CDCA4: 5’-CACGAGGACTGAAGAGGAAATGT-3’ (forward); 5’-TTGGGCTCCACAAGCATGTG-3’ (reverse); GAPDH: 5’-CCAGGTGGTCCTGA-3’ (forward); 5’- CCAGGTGCTCCTGA-3’ (reverse). Calculate all mRNA levels by utilizing the 2Ct approach, and test all samples in triplicate using this method.



Western blotting

Based on the producer’s instructions, isolate total proteins from tissues of 10 patients using the RIPA protein extraction reagent (Beyotime, China). Afterwards, measure protein contents by adopting a BCA kit (Beyotime, China). Proteins were separated and transferred to PVDF membranes using 10% SDS-PAGE (Merck Millipore, Germany). Block the films by employing 5% skimmed dry milk in PBST (1 PBS + 0.1% Tween-20) buffer for 2 h at RT. After rinsing the membranes by utilizing PBST, incubate them by employing anti-CDCA4 (1:5,000, Proteintech, USA) primary antibody at 4°C overnight before incubating them by utilizing horseradish peroxidase-conjugated secondary antibody (1:5,000) for one hour at RT. Wash blots three times with PBST, and quantify protein levels with a ClinxChemiScope 6000 (Clinx Scientific Instruments, China) before visualization using enhanced chemiluminescence. Internal controls were identified as GAPDH, and relative expression was normalized to GAPDH. Perform the experiment in triplicate.



Data collection

In May 2020, the RNA-seq gene data and associated clinicopathological characteristics were downloaded from the TCGA database (https://portal.gdc.cancer.gov ) as Level 3 gene expression data. The following analysis stage was to convert the level 3 HTSeq-FPKM data into transcripts per million reads (TPM). LUAD patients lacking sufficient survival and/or expression data were excluded. R software (version 3.6.2) was applied for analyzing the data of each RNA-Seq gene expression level 3 and the clinical information of LUAD patients (19). Finally, data from 513 patients, including 57 paired LUAD tissue and para-cancerous tissue samples, were downloaded. Among the enrolled patients, according to the American Joint Committee on Cancer (AJCC) 8th edition staging manual for lung cancer, this study included 274 patients (53.41%) at stage I, 121 patients (23.59%) at stage II, 84 patients (16.37%) at stage III, and 10 patients (1.95%) at stage IV (Table 1).


Table 1 | The clinicopathological characteristics of LUAD in patients with TCGA.





CDCA4 correlation genes analysis

After removing the repeated sequences of patients’ tumours, we used the Pearson method of cor. test function in R (version: 4.0.2) to detect the TPM expression and CDCA4-related genes in 513 tumours. P < 0.05 and |R| > 0.2 were statistically, and finally we got 6952 significant correlation genes of CDCA4.



Gene-set enrichment analyses

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses were conducted by employing the R package clusterProfiler (version: v3.18.1) for correlation genes with CDCA4. For identifying over-represented GO terms in three categories (cellular component, molecular function and biological courses), and the KEGG pathway, the R package enrichplot(version: v1.10.2) was adopted to visualize. For these analyses, p < 0.05 and q < 0.2 were regarded to denote statistical significance.



Gene set enrichment analysis

To further determine the function of genes related to CDCA4, we sequenced these genes in LUAD tumours in the TCGA data set according to the relationship between these genes and CDCA4. Then “gseGO” and “gseKEGG” function of the R package clusterProfiler (version: v3.18.1) was used to analyze GO_ BP and KEGG. We set a statistically significant p-value of 0.05 for GO_BP and KEGG enrichment analyses.



Immune infiltration analysis by single sample gene set enrichment analysis

We assessed the infiltration of 24 immune cell types (ICTs) in tumour tissues by employing the ssGSEA approach of the Gene Set Variation Analysis (GSVA) package (http://www.bioconductor.org/packages/relaease/bioc/html/GSVA.html) of R software (version 3.6.2). The ssGSEA scored the absolute expression of genes in each tumour sample and calculated an enrichment score according to the marker genes of the 24 ICTs found in the literature (20). The Spearman correlation and Wilcoxon rank-sum tests were adopted for assessing the association between the immune cells and CDCA4 and the relationship between CDCA4 low and high expression groups and immune cell infiltration.



Statistical analysis

R and IBM SPSS 26.0 were applied for evaluating and performing a statistical study of the data. To investigate the association between CDCA4 and clinicopathological characteristics, Pearson χ2 tests and univariate logistic regression were utilized. The cor.test package in R was used to calculate Pearson correlations, and the ggpubr and corrplot packages in R were used to create correlation graphs. The association between clinical variables and DSS or OS time in patients with TCGA-LUAD was investigated by employing the Kaplan-Meier (KM) technique and COX regression analysis. Multivariate Cox analyses were utilized to determine the effect of CDCA4 expression combined with other clinicopathological variables in survival. The median expression level was used to define the cut-off point of CDCA4 expression. Each hypothesis test was two-sided, and statistical significance was defined as a P of 0.05. In addition, a prognostic nomogram model was created based on multivariate regression results to provide an accurate multivariate clinical prognostic evaluation method for patients. A nomogram was created by applying the rms R package (http://cran.r-project.org/web/packages/rms/index.html). Afterwards, a calibration plot was created to test its predictive power.




Results


Elevated expression of CDCA4 in LUAD

First, qRT-PCR and WB analyses were employed for evaluating CDCA4 expression in clinical LUAD samples. In comparison to normal human lung tissue, CDCA4 expression in LUAD was elevated (Figures 1A, B). Next, immunohistochemical analysis revealed that CDCA4 was mainly located in the cytoplasm and film of tumour cells and exhibited little expression in the normal lung cells. In LUAD, the average scores were 8.85 ± 2.89, whereas the para tumour samples score was 3.28 ± 1.32 (p<0.001; Figures 1C, D). This conclusion was further verified using the TCGA datasets. It was identified that CDCA4 expression levels in 513 tumour tissues substantially surpassed those in normal tissues based on TCGA data (P<0.001; Figure 1E). CDCA4 expression was then analyzed using matched plots between LUAD adjacent and tumour samples from the same individuals. CDCA4 expression in 57 tumour tissues surpassed that in 57 matched adjacent tissues (P<0.001; Figure 1F). Collectively, the results prove that CDCA4 mRNA and protein contents were significantly upregulated in LUAD tissues.




Figure 1 | Validate the expression of CDCA4 in LUAD. (A) qRT-PCR was used to identify the expression of CDCA4 mRNA in tumors and adjacent tissues of 10 LUAD patients. (B) Western blotting was used to determine the expression of CDCA4 protein in tumors and adjacent tissues of 10 LUAD patients. (C) CDCA4 expression in LUAD tissues and adjacent normal tissues assayed by IHC (×200) and (×400). (D) H score of IHC staining of LUAD tissues and adjacent tissues. (E) CDCA4 mRNA levels in LUAD tissues from the TCGA database. (F) CDCA4 mRNA expression levels in the tumors and adjacent tissues of 57 LUAD patients from the TCGA database. Data are expressed as mean standard deviation (SD). Normal, lung tissue; tumor, lung adenocarcinoma tissue; TCGA, The Cancer Genome Atlas.





CDCA4 upregulation was associated with unfavourable clinicopathological features

We also investigated whether there was an association between CDCA4 expression and clinical and pathological features. According to the Kruskal-Wallis rank-sum test and Wilcoxon rank-sum test, higher CDCA4 levels were associated with younger age (P=0.003), more years of smoking (P=0.011), T stage, N stage, advanced pathologic stage, poor primary therapy outcome and more P53 mutation (Figures 2A–G, P<0.05). As exhibited in Table 2, univariate logistic regression analyses of CDCA4 expression exhibited that high CDCA4 was obviously related to unfavorable characteristics such as younger age [OR=0.61 (0.43-0.87) for >65 vs. <=65, P=0.007], more years of smoking [OR=1.53 (1.00-2.33) for >=40 vs. 40<, P=0.049], larger primary tumour extent in LUAD [OR=2.21 (1.52-3.25) for T2-4 vs. T1, P <0.001], more severe regional lymph node invasion [OR=1.98 (1.36-2.90) for N1-3 vs N0, P<0.001], poor primary therapy result [OR=1.89 (1.12-3.25) for PD vs. SD-CR, P=0.045], higher incidence of P53 mutations [OR=0.31 (0.21-0.44), P< 0. 001], and higher pathologic stage [OR=1.80 (1.26-2.57) for stage II-IV vs. stage I, P=0.001]. Together, these results suggest CDCA4 upregulation was related to unfavourable clinicopathological features in LUAD patients.




Figure 2 | Higher CDCA4 expression was associated with unfavourable clinicopathological characteristics in LUAD. (A–G) CDCA4 expression was strongly correlated with younger age, more years of smoking, patients’ T-stage, N-stage, pathological stage, poor primary therapy outcome and more P53 mutation (P<0.05).




Table 2 | Relationship between CDCA4 expression and clinicopathological characteristics of TCGA database by logistic regression analysis.





Survival outcomes and multivariate examination

The disease-specific survival (DSS) and OS of the two CDCA4 expression value groups were assessed to determine their predictive relevance. According to Figures 3A, B, KM survival analyses exhibited that patients with high CDCA4 levels had worse prognoses of DSS and OS (DSS HR=1.82,95% CI=1.24-2.67, P=0.002; OS HR=1.52; 95% CI=1.13-2.04, P=0.006). In addition, univariate and multivariate analyses were conducted by employing the Cox proportional hazards model (CPHM). According to univariate analyses (Table 3A; Supplementary Table 3A), high CDCA4 levels and T stage, N stage, M stage, pathologic stage and primary therapy outcome were related to low DSS and OS. Finally, multivariate analysis showed that high CDCA4 levels (DSS HR=1.674; 95% CI=1.112-2.521, P=0.014; OS HR=1.427, 95% CI=1.017-2.003, P=0.04), advanced pathologic stage (DSS HR=2.885, 95% CI=1.868-4.456, P<0.001; OS HR=2.462, 95% CI=1.731-3.501, P<0.001) and poor primary therapy outcome (DSS HR= 5.145, 95% CI=3.413-7.758, P<0.001; OS HR=3.570, 95% CI=2.472-5.155, P<0.001) were independently related to poor prognosis (Table 3B; SupplementaryTable 3B). This data implies that CDCA4 may be a useful biomarker for predicting LUAD.




Figure 3 | Higher CDCA4 expression was associated with poorer prognosis in LUAD. (A, B) KM survival analyses exhibited that patients with high CDCA4 levels had worse prognoses of DSS and OS (DSS HR=1.82,95% CI=1.24-2.67, P=0.002; OS HR=1.52; 95% CI=1.13-2.04, P=0.006). (C) Nomogram constructed using DSS related clinical factors and CDCA4. (D) Calibration plots showing good agreement with the best performance for DSS. DSS, disease-specific survival.




Table 3 | Univariate and multivariate analysis of the relationship between disease specific survival and clinicopathologic characteristics in patients with TCGA.





Risk score model for nomogram

A nomogram consisting of independent prognostic variables was then constructed to quantify the risk assessment and probability of survival for individual LUAD patients. A score was assigned to each variable based on a multivariate Cox proportional hazards model. The multivariate Cox proportional hazards model was adopted for scoring each variable. The weighted scores calculated using all variables were used to estimate the predicted DSS and OS at 1-, 3-, and 5- years. The calculated c-index for predicted DSS and OS was 0.782(95% CI=0.757-0.806), 0.717 (95% CI=0.692-0.742), respectively, indicating that the nomogram was a good predictor for DSS and OS (Figure 3C; Supplementary Figure 1A). In the calibration survey, the 1-, 3-, and 5-year prediction lines for the estimated likelihood of survival showed high agreement with the ideal performance (45-degree dashed line) (Figure 3D; Supplementary Figure 1B).



Identification of CDCA4 co-expressed differential genes

For further elucidating the biological function of CDCA4 in LUAD, we downloaded the co-DEGs profile of CDCA4 from the TCGA public database. 256 DEGs, comprising 179 upregulated genes and 77 downregulated ones, were significantly associated with CDCA4 expression according to the criteria of P<0.05 and |logFC|>2. The overall closely co-expressed genes of CDCA4 in LUAD were shown as a volcano plot map (Figure 4A). Subsequently, these aberrant genes were shown as a heat map (Figure 4B). The PPI network of these 256 common genes was then constructed by STRING based on the correlation coefficients to understand the underlying mechanisms better. The top 20 genes were selected and visualized for analysis (Figure 4C).




Figure 4 | Genes co-expressed by CDCA4 and biological functions of CDCA4 associated with LUAD. (A) A volcano plot of differential gene profiles between high and low CDCA4 groups shows that 179 genes were up-regulated and 77 were down-regulated (adjusted P-value of 0.01 and |log2-fold change [FC]| > 2). (B) A heat map illustrating the positive co-expression of ten representative CDCA4 genes in LUAD. Data was normalized using the Z-score normalization method. (C) PPI network created and displayed using CDCA4 co-expressed genes from http://string-db.org. (D) BP outcomes; (E) CC outcomes; (F) MF outcomes from Metascape analysis of functionally enriched GO. (G). KEGG results based on the expression levels of CDCA4 in the LUAD and TCGA datasets. PPI, protein-protein interaction; KEGG, Kyoto Encyclopedia of Genes and Genomes; BP, biological process; CC, cellular component; MF, molecular function.





GO and KEGG enrichment analysis identified pathways modulated by CDCA4 in LUAD

To elucidate the potential function of CDCA4 in LUAD progression, we performed GO annotation and KEGG pathway analyses. Various BPs, CCs and MFs. CDCA4 and its adjacent genes were significantly enriched in the biogenesis of ribonucleoprotein complex, the regulation of G2/M phase transition of the cell cycle, G2/M phase transition of mitotic cell cycle, G2/M phase transition of the cell cycle, DNA replication, ncRNA metabolic process and RNA splicing (Figure 4D). The molecular functions of these genes include single-stranded DNA binding, acting on DNA, ATPase activity, acting on RNA and catalytic activity (Figure 4E). The cellular components of these genes comprise kinetochore, condensed chromosome, centromeric region, chromosome, chromosomal region and spliceosomal complex. (Figure 4F). KEGG path analyses exhibited that CDCA4 was related to genes involved in the Base excision repair, Homologous recombination, DNA replication, Proteasome, RNA transport, Cell cycle and Spliceosome. (Figure 4G). Furthermore, GSEA indicated that in the high or low CDCA4 expression group, PD-L1 expression and PD-L1 checkpoint pathway in cancer, Fc gamma R-mediated phagocytosis, intestinal immune network for IgA generation, homologous recombination, proteasome, DNA replication, RNA transport, cell cycle and Spliceosome were enriched (Figures 5A–I). The outcomes imply that CDCA4 upregulation may influence LUAD progression via Cell cycle, homologous recombination and DNA replication.




Figure 5 | Results of gene set enrichment analysis of CDCA4. (A) Spliceosome. (B) Cell cycle. (C) RNA transport. (D) DNA replication. (E) Proteasome. (F) Homologous recombination. (G) Intestinal immune network for IgA generation. (H) Fc gamma R-mediated phagocytosis.(I) PD-L1 expression and PD-L1 checkpoint pathway in cancer. NES, normalized enrichment score; FDR, false discovery rate.





The relationship between immune cell infiltration and CDCA4 expression in lung adenocarcinoma

For determining the association between CDCA4 expression and immune cell infiltration (ICI) in the LUAD microenvironment, we first used ssGSEA with the Wilcoxon rank-sum test for assessing the difference among 24 different immune cell types of LUAD patients based on CDCA4 expression. It presented an apparent rise in immunological infiltration and heterogeneity. The proportion of follicular helper T cells (Tfh cells), T central memory (TCM), T cells, NK CD56 (bright) NK cells, plasmacytoids (pDCs), NK cells, Mast cells, immature DCs (iDCs), Eosinophils, CD8 T cells and B cells was significantly high in the CDCA4 low-expression group, and the proportion of activated DCs (aDCs), Th2, T gamma delta (Tgd) and CD56 (dim) NK cells was significantly high in the CDCA4 high-expression group (Supplementary Figure 2).

Then we used Spearman correlation analysis for determining the association between CDCA4 expression and ICI in the LUAD microenvironment. Figures 6A–N exhibited that CDCA4 expression had a negatively correlation with the infiltration of Mast cells, Eosinophils, Th17, B cells, T cells, CD8 T cells, T central memory, follicular helper T cells, DCs, immature DCs, pDCs, NK cells, NK CD56 (bright) cells, and Macrophages. Also, a significantly positive correlation was found with T gamma delta, Th2, activated DCs, NK CD56 (dim) cells, T helper cells (Figures 6O–S). As indicated by these findings, CDCA4 could be key to regulating ICI in the tumour microenvironment (TME).




Figure 6 | Investigation of the correlation between CDCA4 expression and immune cell infiltration in LUAD(P<0.05). (A-N) CDCA4 expression was negatively correlated with the infiltration of Mast cells, Eosinophils, Th17, B cells, T cells, CD8 T cells, T central memory, follicular helper T cells, DCs, immature DCs, pDCs, NK cells, NK CD56 (bright) cells, and Macrophages. (O-S) CDCA4 expression was positively correlated with T gamma delta, Th2, activated DCs, NK CD56 (dim) cells, T helper cells.Data were assessed by Spearman correlation analysis.






Discussion

Lung cancer is the most typical fatal disease in China and a severe global public health problem (21). Despite significant advances in recent years, the incidence and mortality of lung cancer continue to rise. Investigation of prognostic factors is a critical component of precision medicine and will value treatment allocation (22). CDCA4, encoding 241 amino acids, is on chromosome 14. In vitro studies on breast, cervical and malignant melanoma have investigated the expression and function of CDCA4 in tumorigenesis (16, 17, 23). Multiple signalling pathways, especially classical signalling pathways involved in carcinogenesis, are closely associated with CDCA4, and several investigations have shown that CDCA4 over-expression is also related to poor prognoses in various malignancies (17, 23, 24). However, the effect of CDCA4 on LUAD remains a mystery to us. Therefore, it is necessary to further understand the role of CDCA4 in LUAD and its prognostic significance, as well as the regulatory mechanism supporting its role.

CDCA4 is aberrantly regulated in various cancers, comprising triple-negative breast cancer (BC), Wilm’s tumour, melanoma, and osteosarcoma, and is associated with poor patient outcomes (13, 25–28). Shaul et al. found that CDCA4 is highly expressed in BC tissue in comparison to normal tissues using the MERAV database (29). Using the ONCOMINE database, Chen et al. compared CDCA4 gene transcriptional data between standard samples and tumour tissues, resulting in a 2.213-fold change in CDCA4 (13). However, there is a little study to explore CDCA4 expression in lung adenocarcinoma. In this investigation, we used qRT-PCR, Western blotting and IHC on paired LUAD and standard lung tissue samples and found increased expression of CDCA4 in LUAD tissues (Figures 1A–D, P<0.001). This result was consistent with datasets from TCGA (Figures 1E, F).

Furthermore, ovarian cancer patients with elevated CDCA4 expression levels were related to the lower post-progression survival (13). CDCA4 was also upregulated in neck and head squamous cell carcinoma tissues; nonetheless, the higher expression of CDCA4 was associated with more prolonged relapse-free survival (12). In addition, Ran et al. reported elevated CDCA4 expression in patients with squamous cell carcinoma or lung adenocarcinoma; however, no further studies were performed (30). In the current investigation, increased CDCA4 expression was associated with unfavorable clinicopathological characteristics and worse prognoses (Figures 2, 3). In univariate and multivariate analysis, increased CDCA4 expression was confirmed as an independent adverse prognostic factor (Table 3, Supplementary Table 3). In addition, nomograms combining CDCA4 expression and other independent prognostic variables showed a better prediction of DSS and OS in patients with LUAD (Figure 3, Supplementary Figure 3). These results may help in the development of an effective biomarker.

Aberrancy in cell cycle progression is an essential mechanism underpinning tumorigenesis (31, 32). It is reported that CDCA4 can be transferred to the centrosome during mitosis and then to the intermediate region. Interference with CDCA4 RNA may damage spindle function during chromosome segregation, or lead to abnormal cell division, resulting in multinucleate and multipolar spindles (33). In addition, CDCA4 may act as a “traffic cop”, affecting mRNA expression of Jun proto-oncogenes and directing upstream signals to the protective elements to determine cell fate (17). In this study, GO analysis exhibits that CDCA4 is involved in courses highly related to tumorigeneses, like DNA replication, modulation of G2/M transition of mitotic cell cycle, modulation of cell cycle phase transition, modulation of G2/M transition of the cell cycle, modulation of mitotic cell cycle phase transition and DNA-dependent DNA replication (Figures 4D–F). Then, KEGG analyses exhibited genes co-expressed with CDCA4 in the spliceosome, DNA replication, cell cycle, proteasome and RNA transport (Figure 4G). We further validated these results by using GSEA, which indicated that CDCA4 overexpression was collected with Spliceosome, Fc gamma R-mediated phagocytosis, IgA production by the intestinal immune network, homologous recombination, proteasome, DNA replication, RNA transport, cell cycle, PD-L1 expression and PD-1 checkpoint pathway (Figure 5). CDCA4 is associated with the destiny of BC cells, and downregulation of CDCA4 in human BC cells in vitro may inhibit proliferation while promoting apoptosis (16). Down-regulation of CDCA4, a miR-15a target, leads to cell cycle arrest in malignant melanoma cells in the G0/G1 phase (23). CDCA4 silencing impeded the transition from S to G2, leading to a reduction in cell growth and proliferation of triple-negative BC cells in vivo and in vitro (26).

Moreover, interference of CDCA4 significantly increased the fraction of the G0/G1 phase of MCF−7/ADM human BC cells and reduced its proliferation by inducing apoptosis (16). Ran et al. reported that over-expression of miR-15a-5p of A549 cells raised the ratio of the G1 phase, and inhibited cell proliferation, clonal formation, and invasion in vitro. Furthermore, they reported that CDCA4 constituted a candidate target for miR-15a-5p. The outcomes indicate that CDCA4 is closely related to tumour progression in LUAD by influencing the cell cycle (30). In lung squamous cell carcinoma (LUSC), CDCA4 overexpression significantly inhibited apoptosis, and enhanced the invasion and migration in vitro, leading to a deterioration of LUSC progression (34). However, Xu et al. reported that inhibiting CDCA4 induced Epithelial-Mesenchymal Transition, invasion and migration of NSCLC cells while suppressing autophagy of NSCLC cells (35). The inconsistent results of numerous studies suggest that CDCA4 can be involved in a more complicated regulatory network, and its specific regulatory mechanisms remain unknown.

In addition, CDCA4 is related to immune infiltrates in lung adenocarcinoma. The outcome of the connection between CDCA4 and TIICs indicated CDCA4 might play a role in modulating ICI (Figure 6). CDCA4 showed the closest relationship with Th2 cells (Figure 6P, Supplementary Figure 2C). The group with high CDCA4 expression had more Th2 cells but lower mast cells, eosinophils and Th17 cells (Supplementary Figure 2). Moreover, the GSEA analyses exhibited CDCA4 affects various immune-associated signalling pathways (Figures 5G–I). The quantity, type, and location of immune cells in the tumour microenvironment (TME) influence disease development and progression (36). There are a wide variety of immune cells like macrophages, B and T lymphocytes, and mast cells that can infiltrate tumours, and their composition and organization within the TME are closely linked to cancer patients’ clinical outcomes (37, 38). T cells constitute adequate immune cells. Miller et al. first discovered elevated Th2-type responses in basal cell carcinomas, whereas benign tumours showed a predominance of Th1-type responses, implying dominant expression of Th2-type factors in malignant tumours (39). Thereafter, in a range of malignancies, including lung and cervical cancers, a significant predominance of Th2-type cytokines and Th1/Th2 imbalance was found in cancer tissues and immune cells from patients’ peripheral blood (40–42). The interaction between T lymphocytes and NSCLC cells within the TME is essential to NSCLC development (43). As the tissue-resident, innate immune cell, Mast cells contribute to the cancer microenvironment by modulating various tumour biology events. Salamon et al. found that the internalization of tumour-derived microvesicles from NSCLC cell lines can enhance mast cell migratory capability and increase TNF-α and MCP-1 release, thereby affecting tumorigenesis (44). Th17 cells feature complicated biological functions in cancer development. Ye et al. reported that high counts of pleural Th17 cells in malignant pleural effusion are related to promoted survival of NSCLC (45). However, little study focused on the relationship between CDCA4 and tumour-infiltrating immune cells. Only one previous study determined that CDCA4 regulates monocyte adhesion, leukocyte infiltration, and cytotoxicity of tumour cells (46). Therefore, plans for further understanding the CDCA4-medicated crosstalk with TIICs in the TME are necessary, which may help understand tumour progression and develop probable therapeutic modalities.

However, there are certain limitations. Firstly, there are inconsistent treatments and a lack of clinical information in public databases as the experiments were conducted in various laboratories. Secondly, potential molecular mechanisms of CDCA4 in carcinogenesis have not been investigated. We have formulated several plans for further wet lab work soon to explore the relevant signalling pathways of CDCA4 in LUAD.



Conclusion

The present outcomes exhibit that CDCA4 levels are significantly higher in LUAD samples and are linked with unfavourable clinicopathological characteristics and poor prognoses of LUAD patients. Furthermore, CDCA4 is related to immune infiltrates in LUAD. In addition, CDCA4 may promote the progression of LUAD by regulating spliceosome, Fc gamma R-mediated phagocytosis, intestinal immune network for IgA production, homologous recombination, proteasome, DNA replication, RNA transport, Cell cycle, PD-L1 expression and PD-1 checkpoint pathway, making it an attractive prognostic biomarker for LUAD. Nonetheless, additional experimental investigations are required to determine the underlying processes and therapeutic effects in patients with LUAD.
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Reference
0.717 (0.466, 1.103) 0.130
Reference
0.384 (0.052, 2.813) 0.346
0.4231 (0.056, 3.329) 0.420
Reference
1.276 (0.810, 2.009) 0.293
0.796 (0.243, 2.613) 0.707
/
1.220 (0.165, 9.006) 0.845
0.738 (0.315, 1.730) 0.484
/
5.948 (0.682, 51.894) 0.107
0.830 (0.341, 2.018) 0.681
Reference
Reference
2.335 (0.575, 9.479) 0.236
0.779 (0.281, 2.164) 0.632
1.615 (0.450, 5.799) 0.463
0.859 (0.298, 2.523) 0.859
1.162 (0.129, 10.486) 0.894
Reference
1.243 (0.663, 2.330) 0.499
1.188 (0.596, 2.369) 0.625
0.870 (0.489, 1.548) 0.636
1.759 (0.838, 3.691) 0.135
Reference Reference
3.276 (1.969, 5.450) <0.001 3.276 (1.969, 5.450) <0.001
Reference
2.102 (1.339, 3.301) 0.001
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Characteristic Variables

Age

Sex

Race

Region

Grade

Tumor Location

T stage

Chemotherapy

Radiotherapy

20-39
40-59
60-79

>80

Female

Male

White

Black

Other

East
Northern Plains
Southern
Alaska
Pacific Coast
|

I

n

\%

Unknown
Main bronchus
Upper lobe
Middle lobe
Lower lobe
Overlapping
NOS

Tla

Tib

T2a

T2b

T3
No/Unknown
Yes
No/Unknown
Yes

Univariate
HR (95% Cl)

Reference
0.31(0.116, 0.828)
0.618 (0.559, 0.683)
0.71(0.662, 0.763)

Reference
0.933 (0.879, 0.990)

Reference
1.046 (0.913, 1.198)
1.016 (0.87, 1.186)

Reference
0.973 (0.914, 1.036)
0.896 (0.810, 0.990)
1.106 (0.921, 1.328
1.312 (0.760, 2.264)
0.823 (0.559, 1.212)
0.819 (0.526, 1.276)
0.871 (0.59, 1.285)

0.855 (0.58, 1.26)

Reference

Reference
0.809 (0.653, 1.003)
0.755 (0.68, 0.904)
0.76 (0.601, 0.959)
0.915 (0.761, 1.101)

0.9 (0.63, 1.285)

Reference
0.641 (0.564, 0.728)
0.772 (0.691, 0.863)
0.81 (0.755, 0.870)
0.974 (0.989, 1.057)

Reference
2.028 (1.910, 2.152)

Reference
2.006 (1.886, 2.133)

p-value

0.019
<0.001
<0.001

0.022

0.517
0.842

0.396
0.031
0.282
0.330
0.325
0.378
0.486
0.428

0.053
0.002
0.021
0.347
0.562

<0.001
<0.001
<0.001

0.526
<0.001

<0.001

Multivariate
HR (95% Cl)

Reference
0.36 (0.135, 0.962)
0.787 (0.710, 0.872)
0.861 (0.800, 0.927)

Reference
0.915 (0.862, 0.972)

Reference
0.543 (0.477,0.618)
0.720 (0.644, 0.806)
0.750 (0.698, 0.805)
0.943 (0.869, 1.024)

Reference
1.714 (1.600, 1.836)

Reference
1.613 (1.507, 1.727)

p-value

0.042
<0.001
<0.001

0.004

<0.001
<0.001
<0.001

0.163

<0.001

<0.001
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Characteristic Variables

Age

Sex

Race

Region

Grade

Tumor Location

T stage

Chemotherapy

Radiotherapy

20-39
40-59
60-79

=80

Female

Male

White

Black

Other

East
Northern Plains
Southern
Alaska
Pacific Coast
|

I

I

\%

Unknown
Main bronchus
Upper lobe
Middle lobe
Lower lobe
Overlapping
NOS

Ta

Tib

T2a

T2b

T3
No/Unknown
Yes
No/Unknown
Yes

Univariate

HR (95% ClI)

Reference
0.506 (0.279, 0.918)
0.566 (0.511, 0.626)

0.702 (0.65, 0.758)

Reference
1.215 (1.142, 1.293)

Reference

1.12 (0.989, 1.269)
0.989 (0.854, 1.145)

Reference

0.999 (0.934, 1.068)
0.9 (0.811, 1.000)
1.353 (1.114, 1.642)
3.69 (1.382, 9.850)
0.833 (0.578, 1.209)
0.8 (0.537, 1.190)
0.85 (0.581, 1.242)
0.973 (0.669, 1.415)
Reference
Reference
0.904 (0.7, 1.168)
0.817 (0.684, 0.975)
0.803 (0.64, 1.007)
0.904 (0.754, 1.085)
0.858 (0.5083, 1.464)

Reference
0.641 (0.577, 0.713)

0.86 (0.781, 0.947)

0.874 (0.806, 0.948)

0.991 (0.896, 1.096)
Reference

1.93 (1.808, 2.061)
Reference

1.75 (1.642, 1.866)

p-value

0.025
<0.001
<0.001

<0.001

0.075
0.882

0.968
0.049
0.002
0.009
0.336
0.271
0.4
0.886

0.440
0.025
0.058
0.279
0.574

<0.001
0.002
0.001
0.86

<0.001

<0.001

Multivariate

HR (95% CI)

Reference
0.594 (0.327, 1.0790)
0.693 (0.623, 0.770)
0.829 (0.765, 0.898)

Reference
0.837 (0.786, 0.890)

Reference
1.078 (1.008, 1.153)
1.008 (0.908, 1.12)
1.415 (1.164, 1.718)
4.006 (1.500, 10.700)

Reference
0617 (0.555, 0.686)
0.790 (0.717, 0.870)
0.831 (0.766, 0.902)
0978 (0.884, 1.081

Reference
1.567 (1.454, 1.688)

Reference
1.466 (1.366, 1.573)

p-value

0.087
<0.001
<0.001

<0.001

0.029
0.878
<0.001
0.006

<0.001

<0.001

<0.001
0.661

<0.001

<0.001
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Characteristics

Age (years)
<65
> 65
Sex
Male
Female
Stage

M stage
Mo
M1
NA
N stage
NO
N1
N2
N3
NA

No.

high-risk

114
131

127
118

106
69

54

15

62
144
29

171
15
59

133
59
48

low-risk

105
140

97
148

155
48
25
10

104
114
16

151
85
184

33
20

%

44.69%
55.31%

45.71%
54.29%

53.27%
23.88%
16.12%
5.10%
1.63%

33.88%
52.65%
9.18%
3.67%
0.61%

65.71%
4.90%
29.39%

64.69%
18.78%
13.88%
0.041%
2.24%

HR (95% CI)

0.549 (0.334-0.901)
0.359 (0.233-0.552)

0252 (0.148-0.429)
0.699 (0.455-1.076)

0.517 (0.302-0.886)
0.592 (0.321-1.091
(
(

0.510 (0.244-1.067)
0.323 (0.089-1.163)

0.780 (0.414-1.472)
0.389 (0.247-0.613)
0.077 (0.010-0.590)
0.574 (0.141-2.343

0.494 (0.331-0.738)
0.233 (0.051-1.056)

0.475 (0.299-0.756)
0.609 (0.328-1.132)
0542 (0.246-1.193)

P-value

0.018
0.000

0.000
0.104

0.016
0.093
0.074
0.084

0.444
0.000
0.014
0.440

0.001
0.059

0.002
0.117
0.128

NA, Not available.
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Patients assessed for eligibility
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Cl, confidence interval.
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Variable Level Training data (N = 1,036) Validation data (N = 444) Total (N = 1,480) p-value

Age Mean (SD) median 60.63 (8.77) 61.00 61.08 (8.85) 61.00 60.77 (8.79) 61.00 0.360

Sex Female 517 (49.90) 216 (48.65) 733 (49.53) 0.700
Male 519 (50.10) 228 (51.35) 747 (50.47)

Tumor location Right upper 321 (30.98) 140 (31.53) 461 (31.15) 0.958
Right lower 196 (18.92) 89 (20.05) 285 (19.26)
Right middle 103 (9.94) 40 (9.01) 143 (9.66)
Left upper 236 (22.78) 97 (21.85) 333 (22.50)
Left lower 180 (17.37) 78 (17.57) 258 (17.43)

Smoking status Never 686 (66.22) 307 (69.14) 993 (67.09) 0.455
Current 222 (21.43) 91 (20.50) 313(21.15)
Former 128 (12.36) 46 (10.36) 174 (11.76)

Drinking status No 866 (83.59) 386 (86.94) 1,252 (84.59) 0.120
Yes 170 (16.41) 58 (13.06) 228 (15.41)

T stage T 517 (49.90) 242 (54.50) 759 (561.28) 0.131
T2 338 (32.63) 141 (31.76) 479 (32.36)
T3 77 (7.43) 32 (7.21) 109 (7.36)
T4 104 (10.04) 29 (6.53) 133 (8.99)

N stage NO 708 (68.34) 324 (72.97) 1,032 (69.73) 0218
N1 92 (8.88) 32 (7.21) 124 (8.38)
N2 159 (15.35) 65 (14.64) 224 (15.14)
N3 77 (7.43) 23 (5.18) 100 (6.76)

M stage Mo 921 (88.90) 385 (86.71) 1,306 (88.24) 0.267
M1 115 (11.10) 59 (13.29) 174 (11.76)

COPD No 721 (69.59) 333 (75.00) 1,054 (71.22) 0.041
Yes 315 (30.41) 111 (25.00) 426 (28.78)

Hypertension No 755 (72.88) 306 (68.92) 1,061 (71.69) 0.137
Yes 281(27.12) 138 (31.08) 419 (28.31)

Diabetes No 935 (90.25) 390 (87.84) 1,325 (89.53) 0.195
Yes 101 (9.75) 54 (12.16) 1565 (10.47)

CHD No 926 (89.38) 413 (93.02) 1,339 (90.47) 0.037
Yes 110 (10.62) 31(6.98) 141 (9.53)

Cerebrovascular disease No 1,010 (97.49) 432 (97.30) 1,442 (97.43) 0.971
Yes 26 (2.51) 2 (2.70) 38 (2.57)

SD, standard deviation; COPD, chronic obstructive pulmonary disease; CHD, coronary heart disease.
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Studies No. of Stage (n) Histopathology (n) Lesions Metabolic EGFR status (n) Metabolic parameters favor EGFR

patients measured parameters mutation in NSCLC
Male Female I-ll lll- ADC SCC Other PT LN MT SUV,.c MTV TLG Mutant Wild
v type
Lvetal (24) 468 340 191 617 731 58 19 v oy —= = 371 437 Low SWVpa in PT
Mak et al. 39 61 40 60 55 2 3 v - VW - = 24 76 Low SUVpnax in PT
(1)
Cho et al. 33 28 26 35 57 2 2 v - - W = v 30 31 Low SUVax in PT
(48)
Gao et al. 87 80 8 159 162 5 0 v o vo- W = - 73 94 Low SUVmax in PT and LN
(49)
Leeetal (50) 33 38 [Oal 7 = = v v = = 48 23 Low SUVpax in MT
Naetal (20) 68 32 57 43 53 40 7 v - - N 21 79 Low SUVpnax in PT
Guetal. (51 132 78 58 152 161 34 15 + - - - = 70 140 Low SUVjnay (<9.0) in PT
Koetal (25) 57 75 49 83 132 = = v - - W - = 69 63 High SUVpex (>6.0) in PT
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(62)
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et al. (53)
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et al. (26)
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ADC, adenocarcinoma; SCC, squamous cell carcinoma; PT, primary tumor; LN, lymph nodes; MT, metastatic; MTV, metabolic tumor volume; TLG, total lesion glycolysis; EGFR, epidermal
growth factor receptor; NSCLC, non-small cell lung cancer; NS, not specifie " not done.






OPS/images/fonc.2022.840855/fonc-12-840855-g003.jpg
- = Sham Group
- (M Growp

Fam intensiy Wwo
*
*

Protisment 30m  Weki  WekZ  Wek3





OPS/images/fonc.2022.840855/fonc-12-840855-g004.jpg
wl Fu i fu b fudl

ks
-






OPS/images/fonc.2022.840855/table1.jpg
Patient Demographics and Characteristics rTMS group (n = 20) sham group (n = 19) P value
Demographics

Female/Male 8/12 9/10 0.643
Age, mean + SD, years 58.5 +8.9 59.6+7.7 0.669
>60 years 9 (45.0%) 10 (50.0%) 0.633
BMI, mean = SD, kg/m? 21419 21015 0.505
Clinical characteristics

Pathological type 0.72
Adenocarcinoma 13 (65.0%) 10 (52.6%)

Squamous cell carcinoma 5 (25.0%) 6 (31.6%)

Others 2 (6%) 3(15.8%)

neoplasm stage 0.946
ns 3 (15.0%) 3 (15.8%)

\% 17 (85.0%) 16 (84.2%)

ECOG performance status 0.839
0-1 12 (60.0%) 12 (63.2%)

>2 8 (40.0%) 7 (36.8%)

Number of organ metastasis 0.557
0-2 13 (65.0%) 14 (73.7%)

>3 7 (35.0%) 5 (26.3%)

Current antitumor treatment 12 (60%) 11 (57.9%) 0.893
Pain site 0.811
Bone pain 9 (45.0%) 10 (52.7%)

Chest pain 9 (45.0%) 8 (42.1%)

Other 2 (10%) 1(5.2%)

Pain at baseline, mean + SD 65+1.7 6.4+16 0.882
OME daily dose, mean + SD, mg 109.56 £ 52.5 115.8 + 59.6 0.735

Data are presented as No. (%) unless indicated otherwise.
BMI, body mass index: ECOG, Eastern Cooperative Oncology Group; OME, oral morphine equivalents; SD, standard deviation.
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Toxicity Outcomes EAR group N = 154 (58.1%) DEF group N = 111 (41.9%) p-value
Hematologic toxicity
Grade 1 14 (9.1%) 8 (7.2%) 0.58
Grade 2 22 (14.3%) 19 (17.1%) 0.52
Grade 3 6 (3.9%) 5 (4.5%) 0.80
Grade 4 1(0.6%) 1(09%) 0.81
Gastrointestinal toxicity
Grade 1 8 (5.2%) 8 (7.2%) 0.49
Grade 2 3 (1.9%) 2 (1.8%) 0.93
Grade 3 1(0.6%) 0(0) 0.39
Liver dysfunction 4 (2.6%) 5 (4.5%) 0.40
Skin rash 2 (1.3%) 4 (3.6%) 0.21
Diarrhea 1 (0.6%) 0(0) 0.39
Radiation pneumonitis 3 (1.9%) 9 (8.1%) 0.01
Radiation esophagitis 1(0.6%) 4 (3.6%) 0.08
Radiation dermatitis 1(0.6%) 0(0) 0.39
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60 (22.6)

49 (18.5)
142
99 (37.4)
106 (40)

47 (17.7)
218 (82.3)

50 (18.9)
61 (23)
50 (18.9)
11 (4.2)
24(9.1)
12 (4.5)
57 (21.5)

101 (38.1)
51(19.2)
68 (25.7)
10 (3.8)
35(13.2)

64 (24.2)
61(23)
48 (18.1)
92 (34.7)

p-value

0.009

0.7

0.117

0.411

0.513

<0.001

<0.001

0.084

0.09

EAR, early to initiate radiotherapy group; DEF, deferred radiotherapy group; Bev, bevacizumab; chemo, chemotherapy; TKIs, tyrosine kinase inhibitors.
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and
LUX-Lung 6

INFORM
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Lines of EGFR-TKI

therapy intervention treatment

>1
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Control
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Docetaxel
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Placebo
Observation
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pemetrexed
Docetaxel
Carboplatin
plus pacitaxel
Placebo

Pemetrexed
or docetaxel
Pemetrexed
Cisplatin plus
docetaxel or
gemoitabine
Gemcitabine
plus
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cisplatin
Placebo
Cisplatin plus
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Total
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1,692
731
1,433
489
889
1,217

670
310

201
585
424

219
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720

263
123
97

154

217

631

296
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Median
age

(vears)

62/61
62/59
61/60
NR
60/60
57/57

77077
56.4/59.8

62/63
58/59
59/59

66/67
NR

63.5/65.5
66/64
54.3/55.1
NR

57/59

57.5/56

60/59

56/55
56

Median
follow-up
(months)

72

NR

76

21
11.4/11.5

17

NR
256

NR
NR
27.9/24.8

33
23

23.4/24.4
32.4
147
49.4

259

28.9/27.1

41/33

17.8
396

EGFR, epidermal growth factor receptor; TKI, tyrosine kinase inhibitor; HR, hazard ratio; Cl, confidence interval: NR, none reported.

Overall HR
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1.08 (0.86-1.35)
096 (0.78-1.19)

1.27 (0.95-1.69)
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1.00 (0.83-1.21)
1.15 (0.83-1.59)
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0.83(0.74-1.05) 064 (0.46-0.91)
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0.83(0.66-1.18) 0.89 (0.52-1.53)

1.08(0.75-1.56) 1.64 (0.92-2.94)
1.17 (0.83-1.65) 1.02 (0.76-1.37)
0.86 (0.67-1.10) 1.23(0.78-1.94)

1.18(0.84-1.67) 1.47 (0.84-2.56)
092 (0.53-161) 0.8 (0.57-1.35)

NR NR
Female vs. male 0.90 (0.64-1.27)
1.24(0.73-2.11) 0.64 (0.31-1.33)
Female vs. male 0.96 (0.59-1.56)

1.31(0.76-2.81) 1.20 (0.74-1.93)

0.86(0.45-1.64) 092 (0.59-1.44)

0.71(0.51-0.99) 0.84 (0.65-1.09)

089(0.64-124) 0.98 (0.61-1.41)
1.19(0.69-2.04) 0.96 (0.67-1.39)

Smoking of HR
(95% CI)

Never

0.67 (0.49-091)
0.42 (0.28-0.64)
0.93(0.70-1.28)
0.93(0.58-1.48)
0,69 (0.45-1.05)
0.90 (0.78-1.08)

Ever

0.92 (0.80-1.05)
0.87 (0.71-1.05)
1.05 (0.92-1.19)
1.18 (0.87-1.45)
0.84 (0.71-0.99)
0.99 (0.62-1.60)

Never vs. ever 0.64 (0.36-1.14)

0.83(0.34-2.01)

NR
1.20 (0.90-1.61)
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NR
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Never vs. ever 0.80 (0.51-1.27)

0.81(0.34-1.90)
NR

1.44(0.93-2.24)

0.99(0.65-1.52)

0.72 (0.57-0.92)
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1.10 (0.68-1.80)
NR

0.85 (0.44-1.64)

0.68 (0.32-1.49)

1.02 (0.69-1.50)

0.82 (057-1.19)
1.20 (0.64-2.27)
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Univariable analysis

HR

0.82

0.97

1.26
1.48

1.42
1.38
1.13

1.02
1.00
0.89

0.87

0.92
0.89
1.00
0.91
1
0.95
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0.75
0.68
0.72

0.97
0.83
0.51

1.66

95% Cl

0.62-1.08

0.73-1.29

0.95-1.67
0.77-2.85

0.96-2.10
0.86-2.23
0.73-1.75

0.47-2.19
0.68-1.48
0.61-1.31

0.61-1.26

0.60-1.42
0.57-1.40
0.46-2.14
0.53-1.57
0.53-2.29
0.61-1.47

0.39-0.86
0.52-1.06
0.33-1.41
0.46-1.12

0.66-1.43
0.55-1.24
0.35-0.74

1.25-2.21

p-value

0.15

0.85
0.19

0.11
0.24
0.25

0.07
0.17
0.57
0.88

0.95
0.96
0.58

0.48
0.99

0.72
0.63
1.00
0.74
0.78
0.81
0.08

0.007
0.10
0.30
0.15

0.001

0.90
0.37
<0.001

<0.001

Multivariable analysis

HR

0.79

1.30
1.68

1.46
1.37
1.18

1.23
124
0.88
1.40
0.90
1.35

0.67
1.01
0.76
0.92

0.90
0.88
0.54

1.92

95% ClI

0.58-1.08

0.95-1.76
0.84-3.34

0.96-2.22
0.83-2.28
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0.75-2.03
0.73-2.08
0.40-1.96
0.76-2.59
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0.49-1.57
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p-value

0.14
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0.13
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0.82

0.40
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0.76
0.27
0.78
0.22
0.44

0.17
0.96
0.52
0.78
0.05

0.63
0.67
0.02

<0.001

HR, hazard ratio; Cl, confidence interval: Bev, bevacizumab; chemo, chemotherapy: TKIs, tyrosine kinase inhibitors; EAR, early to initiate radliotherapy group; DEF, deferred radiotherapy group.
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Multivariable analysis

HR

1.48

1.46
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1.55
1.28
1.49
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0.68
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0.39
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HR, hazard ratio; Cl, confidence interval: Bev, bevacizumab; chemo, chemotherapy: TKIs, tyrosine kinase inhibitors; EAR, early to initiate radliotherapy group; DEF, deferred radiotherapy group.
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Characteristics

A

Age (>65 vs. <=65)

Gender (Female vs. Male)

Smoker (Yes vs. No)

number pack years smoked (>=40 vs. <40)
T stage (T2-4 vs. T1)

N stage (N1-3 vs. NO)

M stage (M1 vs. MO)

Pathologic stage (Stage II-IV vs. Stage I)
Primary therapy outcome (PD vs. SD-CR)
TP53 status (Mut vs. WT)

CDCA4 (High vs. Low)

B

Pathologic stage (Stage II-IV vs. Stage I)
Primary therapy outcome (PD vs. SD-CR)
CDCA4 (High vs. Low)
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465
469

461
408
469

HR (95% CI)
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P value

0.842
0.815
0.962
0.67
0.013
<0.001
0.007
<0.001
<0.001
0.128
0.002

<0.001
<0.001
0.014
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T stage (T2-4 vs. T1)
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1,53 (1.00-2.33)
221 (1.52-3.25)
1.98 (1.36-2.90)
200 (0.87-5.03)
1.89 (1.12-3.25)
328 (2.28-4.73)
1.80 (1.26-2.57)
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0.049
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<0.001
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<0.001
0.001
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Characteristics N% or median (range)

Age
>65 262 (51.07%)
<65 241 (46.98%)
Data missing 10 (1.95%)
Gender (%)
Female 276 (53.80%)
Male 237 (46.20%)
path T-stage (%)
T1 168 (32.75%)
T2 276 (53.80%)
T3 47 (9.16%)
T4 19 (3.70%)
Data missing 3 (0.59%)
path N-stage (%)
No 330 (64.33%)
N1 95 (18.52%)
N2 74 (14.42%)
N3 2 (0.39%)
Data missing 12 (2.34%)
path M-stage (%)
Mo 344 (67.06%)
M1 25 (4.87%)
Data missing 144 (28.07%)
Pathologic stage (%)
Stage T 274 (53.41%)
Stage 1T 121 (23.59%)
Stage IIT 84 (16.37%)
Stage TV 10 (1.95%)
Data missing 24 (4.68%)
Primary therapy outcome (%)
CR 315 (61.40%)
PD 68 (13.26%)
PR 6 (1.17%)
SD 37 (7.21%)
Data missing 87 (16.96%)
TP53 status (%)
Mut 241 (46.98%)
WwT 267 (52.05%)

Data missing 5(0.97%)
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Characteristics

Age
<70 years
>70 years
Gender
Male
Female
Tumor size
1-20 mm
21-30 mm
Histology
AC
SCC/Other
Grade
]
VUK
Surgery
Lobectomy
Sublobar resection

Sublobar resection vs. lobectomy

HR (95% CI)
1.81 (1.18-2.90)
1.20 (0.87-1.65)

1.10 (0.76-1.61)
1.75 (1.21-2.53)

1.61 (1.11-2.33)
1.24 (0.85-1.80)

1.54 (1.09-2.19)
1.24 (0.83-1.84)

1.64 (1.14-2.35)
1.16 (0.79-1.71)

P-Value

0.014
0.259

0.608
0.003

0.012
0.269

0.016
0.292

0.007
0.457

Chemotherapy, Yes vs. No/UK

HR (95% CI)

0.92 (0.52-1.64)
1.17 (0.58-2.34)

1.21(0.57-2.57)
0.91 (0.52-1.61)

1.78 (0.88-3.59)
0.65 (0.36-1.20)

1.04 (0.60-1.80)
091 (0.43-1.94)

1.14 (0.62-2.09)
0.87 (0.45-1.68)

0.99 (0.59-1.69)
1.09 (0.48-2.48)

P-Value

0.784
0.662

0.615
0.755

0.110
0171

0.885
0.807

0.676
0.685

0.982
0.830

vs., versus; HR, hazard ratio; Cl, confidence interval: AC, adenocarcinoma; SCC, squamous cell carcinoma; UK, unknown.





OPS/images/fonc.2021.771988/crossmark.jpg
©

2

i

|





OPS/images/fonc.2021.771988/fonc-11-771988-g001.jpg
Partial Likelihood Deviance

116 11.7 11.8

GEO

ALDH2, ATP8B2, CDC25A, CTSL, CTSZ, DNAJCY, ECT2, EPSTI,
HCFC2, HNRNPA2B1, HNRNPK, INPP5B, KIF20B, KIF23, LRIG1,
NEK2, OSBPLS, P4HA1, PHACTR1, PNP, SPATA13, TSPAN14, TUBA4A

2222212119191918141413117 4 1

D

Coefficients

-0.2 0.0

-06 -0.4

Log Lambda

Hazard Ratio(95% ClI)

11.9 120 121

I 4
Log Lambda

CTSL

ECT2

HCFC2  #----------
HNRNPK

LRIG1

OSBPL5

P4HA1

TUBA4A

-

1.001(1.000,1.003)
1.023(1.004,1.043)
0.773(0.623,0.960)
1.010(1.001,1.019)
0.975(0.951,1.001)
1.074(1.037,1.112)
1.007(1.001,1.014)
1.008(1.000,1.016)

0.625 0.675 0.725 0.775 0.825 0.875 0.925 0.97511.025 1.075 1.125

Hazard_Ratio





OPS/images/fonc.2021.771988/fonc-11-771988-g002.jpg
Normal

LADC

Normal

LADC

TR B,
HNRNPK

*kkk *kkok

8

Z

Z

on

E

g

>

>

L

%c o | T
<V %
< <&

< &

CTSL

*kkk

*kkK






OPS/images/fonc.2022.830470/fonc-12-830470-g002.jpg





OPS/images/fonc.2022.830470/fonc-12-830470-g003.jpg





OPS/images/fonc.2022.830470/fonc-12-830470-g004.jpg





OPS/images/fonc.2022.830470/table1.jpg
Characteristics Overall survival Cancer-specific survival

P-Value HR (95% CI) P-Value P-Value HR (95% CI) P-Value

Age <0.001 0.002

<70 years Ref. Ref.

>70 years 1.75 (1.47-2.10) <0.001 1.33 (1.01-1.75) 0.039
Gender 0.001 0.348

Female Ref.

Male 1.29 (1.09-1.52) 0.003
Tumor size 0.110 0.043

1-20 mm Ref. Ref.

21-30 mm 1.19 (1.00-1.41) 0.048 1.36 (1.04-1.78) 0.023
Histology <0.001 0.001

AC Ref. Ref.

SCC/Others 1.31 (1.10-1.56) 0.002 1.34 (1.02-1.76) 0.034
Grade 0.004 0.005

i Ref. Ref.

AV/UK 1.18 (0.99-1.40) 0.070 1.33 (1.01-1.74) 0.040
LN examined <0.001 0.004

No/UK Ref. Ref.

Yes 0.63 (0.49-0.81) <0.001 0.76 (0.50-1.14) 0.182
Surgery <0.001 <0.001

Lobectomy Ref. Ref.

Segmentectomy 1.21 (0.85-1.73) 0.292 1.44 (0.85-2.45) 0.178

Wedge resection 1.31 (1.05-1.63) 0.016 1.41 (1.00-1.99) 0.049
Chemotherapy 0.027 0.085

No/UK Ref. Ref.

Yes 0.88 (0.64-1.22) 0.452 0.74 (0.43-1.26) 0.262

HR, hazard ratio; Cl, confidence interval: Ref., reference; AC, adenocarcinoma; SCC, squamous cell carcinoma; UK, unknown; LN, lymph node.
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Variables

Overall survival (OS)

Univariate Multivariate

HR (95% CI) P-value HR (95% CI) P-value

Group (low risk) 0.3519 (0.2467-0.5019) <0.001** = =
LARSO 26,401 (1,640-424,906) <0.001*** 1,867.458 (8.299-42,020) 0.00642"*

Stage Stage Il 2.472 (1.718-3.557) <0.001*** = =

Stage Il 3.494 (2.383-5.124) <0.001** = =

Stage IV 3.817 (2.199-6.624) <0.001*** = =

T T2 1.452 (1.017~2.073) 0.0398* = .
T3 2.958 (1.758-4.979) <0.001*** 2.644 (1.266-5.515) 0.00963™*

T4 2.914 (1.501-5.659) 0.00159* = =

N (NO) 0.388 (0.288-0.521) <0.001"* - -

M (M1) 2.133 (1.245-3.654) 0.00583" - =

All results were calculated by the survival package of R 4.0.2 software.

TCGA, The Cancer Genome Atlas: Cl, confidence interval: LARSO, IncRNA-associated risk score of overall survival,

*P < 0.05 **P < 0.01, **P < 0.001.
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Variables Low risk (N = 465) High risk (N = 48) f t P-value
Gender
Female 252 24 0.3078 0.5790
Male 213 24
Age (years) 65.22 + 9.94 66.06 + 11.00 0.5486 0.5835
Histological type
Lung acinar adenocarcinoma 18 0 7.045 0.7954
Lung adenocarcinoma mixed subtype 93 13
Lung adenocarcinoma—not otherwise specified (NOS) 289 31
Lung bronchioloalveolar carcinoma mucinous 5 0
Lung bronchioloalveolar carcinoma non-mucinous 19 0
Lung clear cell adenocarcinoma 1 0
Lung micropapillary adenocarcinoma 3 0
Lung mucinous adenocarcinoma 2 0
Lung papillary adenocarcinoma 20 3
Lung signet ring adenocarcinoma 1 0
Lung solid pattern predominant adenocarcinoma 5 0
Mucinous (colloid) carcinoma 9 1
Clinical stage
Unknown 8 0
Stage | 253 21 5.221 0.1563
Stage Il 110 11
Stage Ill 73 "
Stage IV 21 5
T classification
Tx 3 0
T 156 12 25.04 <0.00071****
T2 252 24
T3 43 4
T4 1" 8
Unknown 0 0
N classification
Nx 11 0
NO 305 25 4.487 0.0342*
N1/N2/N3 148 23
Unknown 1 0
M classification
Mx 132 8
MO 309 35 1.422 0.2330
M1 20 5
Unknown 4 0
Anatomic neoplasm subdivision
L-lower 69 8 0.9692 0.9144
L-upper 110 12
R-lower 89 7
R-middle 19 2
R-upper 168 14
Discrepancy/unknown 10 5
ECOG performance status
0 93 7 2.066 0.5588
1 100 14
2 21 2
3 3 0
Unknown 296 25
Drug therapy
No 304 32 0.082 0.8579
Yes 161 16
Drug response (at the last time)
Yes (complete response + partial response + stable disease) 75 3 1.049 0.3058
No (progressive disease) 22 3
Unknown 64 10
Radiotherapy
No 379 35 2.061 0.1511
Yes 86 13
Radiotherapy response (at the last time)
Yes (complete response + partial response + stable disease) 24 0 3.214 0.0730
No (progressive disease) 21 5
Unknown 4 8
EGFR mutation
No 403 45 1.385 0.2393
Yes 62 3
KRAS mutation
No 334 40 2.362 0.1243
Yes 131 8
ALK mutation
No 431 45 0.0005 0.9822
Yes 34 3
ROS1 mutation
No 444 43 2.041 0.1531
Yes 21 5
BRAF mutation
No 427 45 0.035 0.8509
Yes 38 3
Follow-up
Alive 313 8 48.82 <0.00071****
Dead 144 39
Unknown 8 1
Cancer status
Tumor free 286 20 14.36 0.0002***
With tumor 89 21
Discrepancy/unknown 90 7

Patients were divided into the high-risk group (n = 48) and low-risk group (n = 465) according to LASSO = 0.110. Bold values indicate P < 0.05 and *P < 0.05, ***P < 0.001, and

=D -~ 0.0001.
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VATS group
Age(years)

Gender

Smoking history

ECOG

Number of chemotherapy cycles

Surgical options

<60

>60

male

female

No

Yes

0-1

>2

2-4

>4

1.lobectomy
2.Sub- lobectomy
3.palliative surgery

N (%)

96 (100%)
46 (47.9%)
50 (52.1%)
59 (61.5%)
37 (38.5%)
45 (46.9%)
51(53.1%)
51(53.1%)
45 (46.9%)
38 (39.6%)
58 (60.4%)
50 (52.1%)
26 (27.1%)
20 (20.8%)

MST (months) 95%Cl

25 (22.373-27.627)
23 (20.610-25.390)
25 (20.541-29.459)
23 (19.872-26.128)
31 (20.410-41.590)
29 (22.205-35.795)
23 (21.060-24.940)
30 (24.533-35.467)
17 (11.920-22.080)
23 (17.449-28.551)
26 (21.027-30.973)
27 (22.432-31.568)
27 (19.157-34.843)
12 (7.617-16.389)

p value

0.292
0.172
0.001
<0.01
0.311
1vs20.915
2vs 30.001

1vs3
<0.01
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VATSMST (months) (95%Cl) Thoracic drainageMST (months) (95%Cl) p
Age <60 23 (20.610-25.390) 11 (9.435-12.565) <0.01
>60 25 (20.541-29.459) 11(9.763-12.237) <0.01
Gender Male 23 (19.872-26.128) 10 (9.042-10.958) <0.01
Female 31(20.410-41.590) 12 (9.809-14.191) <0.01
Smoking history No 29 (22.205-35.795) 15 (10.373-19.627) <0.01
Yes 23 (21.060-24.940) 10 (9.112-10.888) <0.01
ECOG 0-1 30 (24.533-35.467) 20 (14.979-25.021) <0.01
22 17 (11.920-22.080) 10 (9.323-10.677) <0.01
Number of chemotherapy cycles 2-4 23 (13.364-32.636) 9 (7.792-10.208) <0.01
>4 26 (21.027-30.973) 13 (10.915-15.085) <0.01
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MPE therapeutic effect VATS group Thoracic drainage group p value

CR 71 (74%) 18 (18.2%) 0.0037
PR 20 (20.8%) 52 (52.5%)
NC 5 (5.2%) 29 (29.3%)
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Case (%) HR (95%Cl) p value
Case 96 (100%)
Treatment mode Lobectomy 50 (52.1%) 0.637 (0.409-0.993) <0.01
Sub- lobectomy 26 (27.1%) 0.548 (0.435-0.832) 0.001
20 (20.8%) - .

Palliative surgery
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Case (%) HR (95%Cl) p value

Case 199 (100%)
Treatment mode VATS group 96 (49.2%) 0.480 (0.301-0.765) 0.002
Thoracic drainage group 99 (50.8%) - -
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VATS group Thoracic drainage p value
(n=96) group (n = 99)

Median age 61 62.3

Age (years) <60 46 (47.9%) 41 (41.4%) 0.361
>60 50 (52.1%) 58 (58.6%)

Gender Male 59 (61.5%) 54 (54.5%) 0.328
Female 37 (38.5%) 45 (45.5%)

Smoking status Non smoker 45 (46.9%) 46 (46.5%) 0.954
smoker 51 (53.1%) 53 (53.5%)

ECOG 0-1 51 (53.1%) 28 (28.3%) <0.01
>2 45 (46.9%) 71 (71.7%)

Number of chemotherapy cycles 2-4 38 (39.6%) 38 (38.4%) 0.864
>4 58 (60.4%) 61 (61.6%)

Surgical options Lobectomy 50 (52.1%) / /
Sub-lobectomy 26 (27.1%) / /
palliative surgery 20 (20.8%) / 74
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Correlations with HR 0S

PD-1/PD-L1 inhibitors EGFR inhibitors VEGFR inhibitors DDR inhibitors
OR PFsS4 OR PFS6 OR PFsS4 OR PFS6 OR PFS4 OR PFS6 OR PFS4 OR PFS6
Spearman’s Rho* -0.579 -0.633 -0.535 -0.427 -0.443 0.224 0.029 0.086
Spearman’s Rho 95% Cl, (-0.800;- (-0.802;~ (-0.760;~ (-0.705;- (-0.993; (-0.638; (-1.000; (-0.920;
bootstrap 0.274) 0.383) 0.230) 0.085) 0.146) 0.795) 1.000) 1.000)
Number of drugs 5 5 6 6 5 5 4 4
Number of trials 16 16 21 21 8 8 5 5
Number of observations’ 38 38 37 37 " " 6 6
Slope, meta-regression -0.192 -0.229 -0.230 -0.191 -0.125 0.007 0.033 0
(-0.280; (-0.321; (-0.344; (-0.297; (-0.356; (-0.269; (-0.285; (-0.299;
-0.104) -0.136) -0.116) -0.086) 0.106) 0.283) 0.352) 0.299)
Random-effects, meta-regression 72.48% 86.13% 35.63% 36.17% 0% 0% 0% 0%
RZ
P-value <0.001 <0.001 < 0.001 <0.001 0.289 0.959 0.838 0.999

*The reported Rho values are negative as an HR <1, and an OR >1, indicate benefit with the investigational product. TCohort level.

Cl, confidence interval; DDR, DNA damage response; EGFR, epidermal growth factor receptor; HR, hazard ratio; MoA, mechanism of action; OR, odds ratio; OS, overall survival; PD-1/PD-L1,
programmed cell death-1/programmed cell death ligand-1; PFS4/6, progression-free survival rate at 4/6 months; VEGFR, vascular endothelial growth factor receptor.
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Label All trials

Spearman’s Rho* 0.548
Spearman’s Rho 95% Cl, bootstrap (0.381; 0.689)
Number of drugs 32
Number of trials 69
Number of observations’ 121
Slope, meta-regression 0.410(0.303;
0.516)
Random-effects, meta-regression 51.59%
RZ
P-value <0.001

4 major MoAs
combined

0575
(0.404; 0.717)
20
54
99
0.423 (0.304;
0.541)
48.89%

<0.001

PD-1/PD-L1
inhibitors

0.608
(0.345; 0.801)
5
17
41
0.465 (0.291;
0.640)
76.06%

<0.001

EGFR inhibitors

0.641
(0.368; 0.822)
6
21
35
0.322 (0.150;
0.495)
28.27%

<0.001

*The reported Rho values are negative as an HR <1, and an OR >1, indicate benefit with the investigational product. *Cohort level.
Cl, confidence interval; DDR, DNA damage response; EGFR, epidermal growth factor receptor; HR, hazard ratio; MoA, mechanism of action; OS, overall survival; PD-1/PD-L1,
programmed cell death-1/programmed cell death ligand-1; PFS, progression-free survival; VEGFR, vascular endothelial growth factor receptor.

VEGFR inhibitors

0066
(-0.557; 0.725)
5
10
14
0.239 (-0.270;
0.749)

0%

0.357

DDR inhibitors

0.812
(0.205; 1.000)
4
6
9
0.593 (0.367;
0.819)
100%

<0.001
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Factors

Gender

Male

Female
Ethnicity
Caucasian

No Caucasian
Stage

1

2

3

Smoking

No smoking
Former smoker
Smoker
Chemotherapy
No

Yes

Histology
Adenocarcinoma (1)
Squamous (2)
Other (3)

Age

KPS

EQD2

Cases # n (%)

127 (76.5)
39(23.5)

158 (95.2)
8(4.8)

32(193)
19 (11.4)
115 (69.3)

6(36)
79(47.6)
81(48.8)

41(24.7)
125 (75.3)

35 (21.1)
56(33.7)
75 (45.2)

MST, 95% CI (month)

220
38.2

245
26,6

39.4
143
230

NA
23.1
220

220
251

37.2
222
186

2 years survival, 95%Cl (%)

451 (37.2,54.7)
65.8(53.2, 82.7)

50.2(42.9,58.7)
50.0(25.0, 100)

717 (67.7,89.2)
26.3(12.4,55.8)
47.6(39.2,57.9)

83.3 (58.3,100)
48.1(38.3,60.5)
47.0(36.6,60.4)

48.7 (35.5,66.7)
50.3 (41.7,60.6)

65.7 (61.7,835)
475(35.9,62.7)
385 (27.354.2)

MST, median survival time; HR, hazard ratio. Bold indicate statistical significance at P value of 0.05.

HR (95% CI)

052 (0.32,086)

0.85(0.34,2.09)

2.26(1.16,4.38)
1.39(0.85,2.27)

6.64(0.92,48.03)
7.93(1.09,57.55)

0.84(0.55,1.28)

1.91(1.09,3.34)
2.42 (1.41,4.17)
1.02 (1.005,1.04)
1.00 (0.98,1.008)
097 (0.96,0.998)

P-value

0.0084

0.73

0.016
0.19

0.061
0.041

0.43

0.024
0.0014
0.011
0.51
0.00024
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Gene SNP Wild genotype# Model* HR for the minor allele (95%Cl) Effect of minor on survival P-value

BMP2 15235756 C(63.2%) rec 0.63(0.42,099) Favorable 0.022
ACVR2A 151424954 A(34.6%) rec 1.72(0.923.18) Unfavorable 0088
BMP1 153857979 C(75.9%) rec 1.17 (0.76,1.81) Unfavorable 047
INHBC 154760259 C(90.7%) rec 1.07 (058,2.01) Unfavorable 0.82
SMAD3 1s4776342 A(58.8%) add 076 (0.52,1.12) Favorable 047
TGFB1 154803455 A(25.9%) dom 1.38(088,2.18) Unfavorable 0.16
SMAD3 156494633 C(76.9%) rec 1.06(0.68,1.63) Unfavorable 0.81
SMAD7 157227023 A(0.6%) dom 1.11(0.15,7.95) Unfavorable 0.92
SMAD9 157333607 A(95.8%) rec 2.79(122,641) Unfavorable 0015
SMAD1 111724777 A(69.0%) rec 0.76 (0.49,1.16) Favorable 020
SMAD1 rs11939979 A (19.0%) dom 1.02 (0.64,1.64) Unfavorable 0.93
SMAD3 112102171 C(62.0%) dom 0.68(0.46,1.00) Favorable 0.050
SMAD4 1512456284 A(55.4%) dom 0.63(0.43,092) Favorable 0.016
SMADS rs12913975 A(6.8%) dom 1.23(0.57,2.64) Unfavorable 0.60

#The percentage was based on our data *Genetic model of inheritance: dom, dominant model; rec, recessive model; add, additive model. SNP, single nucleotide polymorphism. Bold
indicate statistical significance at P value of 0.05.
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Characteristic

OS (months), median (IQR)
Age (years), median (IQR)
Sex, N (%)
Male
Female
ECOG PS, N (%)
0-2
3-4
Smoking status, N (%)
Ever/current
Never

Histology, N (%)
ADC
SQC
SCLC
Mesothelioma
Others

Extrapleural metastasis, N (%)
Yes

No

WBC, x10%L, median (IQR)
N, x10%L, median (IQR)
Ho (g/L, M = SD)

ALB [g/L, median (IQR)]
LDH [U/L, median (IQR)]
Ca?*, [mmol/L, median (IQR)]
PE ADA [U/L, median (IQR)]
PE LDH [U/L, median (IQR)]
NLR, median (IQR)

PLR, median (QR)

LMR, median (IQR)

CAR, median (IQR)

PE TPCIR, median (IQR)

All patients (n = 214)

5(12,17)
65 (56, 73)

109 (50.9)
105 (49.1)

120 (56.1)
94 (43.9)

83 (38.8)
131 (61.2)

123 (57.5)
10 (4.7)
10 (4.7)
13 (6.1)
58 (27.0)

118 (65.1)
96 (44.9)

6.93 (5.76, 8.33)
4.69 (3.56, 5.83)
129.53 + 17.30
34.10 (31.20, 37.13)
195.00 (164.75, 240.25)
2.14 (.07, 2.23)
13.00 (9.00, 17.00)
354.50 (197.50, 577.25)
3.5 (2.1, 4.53)
183.17 (131.70, 244.82)
3.04 (2.17, 4.49)
0.04 (0.15, 0.96)
0.44 (0.40, 0.48)

PE TPCIR

<0.53 (n = 188)

16 (13, 19)
65 (56, 73)

104 (85.3)
84 (44.7)

75 (39.9)
113 (60.1)

106 (56.4)
948
948
13 (6.9)

51 (27.1)

104 (65.3)
84 (44.7)

6.92 (5.72,8.35)
4.60 (3.59, 5.80)
129.64 + 17.46
33.90 (30.90, 36.58)
199.00 (165.00, 243.00)
2.13 (.06, 2.22)
13.00 (9.00, 16.00)
339.50 (186.25, 521.50)
3.5 (2.18, 4.52)
183.39 (134.08, 244.52)
3.06 (2.19, 4.38)
0.04 (0.16, 0.95)
0.43 (0.39, 0.47)

>0.53 (n = 26)

8(5,11)
64 (53, 75)

1(423)
5(57.7)

14 (53.8)
12 (46.2)

7.25 (6.16, 7.98)
5.10 (3.40, 6.00)
128.69 + 16.37

36.65 (33.40, 38.28)
179.50 (161,00, 206.00)

222 (2.15,2.29)

16.00 (11.75, 26.00)
469.50 (263.00, 1,111.75)

3.42 (1.78, 4.90)

172.42 (116.98, 246.85)

2,99 (2.10, 5.67)
0.04 (0.01, 0.15)
0.59 (0.55, 0.62)

P-value

<0.001
0.778
0.348

0.549

0.371

0.698

0.887

0.604
0.685
0.793
0.003
0.179
0.001
0.002
0.024
0.824
0.495
0.495
0.584
<0.001

OS, overall survival; ECOG PS, Eastem Cooperative Oncology Group performance status; ADC, adenocarcinoma; SQC, squamous cell carcinoma; SCLC, small cell carcinoma; WBC,
white blood cel; N, neutrophil; Hb, hemoglobin; M + SD, mean + standard deviation; ALB, albumin; LDH, lactic dehydrogenase; Ca®*, calcium ion; PE, pleural effusion; ADA, adenosine

deaminase; NLR, neutrophil to lymphocyte ratio; LMR, lymphocyte to monocyte ratio; CAR, C-reactive protein to albumin ratio; TPCIR, total protein—chloride ratio.
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Variable HR 95%Cl P-value

Age, years

<65 1.00

>65 1.027 0.748, 1.410 0.868
Sex

Female 1.00

Male 1.270 0.924, 1.745 0.140
ECOG PS

0-2 1.00

3-4 1.349 0.979, 1.860 0.068
Smoking habit

Never 1.00

Ever/current 1.272 0.924, 1.752 0.141
Histology

ADC vs. 1.042 0.754, 1.441 0.803

SQC vs. 1.170 0.547, 2.501 0.686

SCLC vs. 2270 1.153, 4.470 0.018

Mesothelioma vs. 0.470 0.220, 1.004 0.051
Extrapleural metastasis

No 1.00

Yes 1.303 0.950, 1.789 0.101
WBC, x10°L

<5.03 1.00

$>5.03 2242 1.292, 3.891 0.004
N, x10%L

<3.69 1.00

>3.69 2115 1.446, 3.093 <0.001
L, x10%L

<1.26 1.00

>1.26 0.703 0.507, 0.976 0.036
Hb, g/L

<116 1.00

>116 0.754 0.525, 1.082 0.125
PLT, x10%/L

<873 1.00

>373 0.604 0.342, 1.066 0.082
MPV, fl

<9.7 1.00

>9.7 0.721 0.521, 0.999 0.049
ALB, g/L

<29.6 1.00

>29.6 0.673 0.458, 0.990 0.045
LDH, UL

<176 1.00

>176 1.261 0.900, 1.768 0.178
ALP, U/L

<65 1.00

>65 1.871 1.156, 3.028 0.011
Ca?*, mmol/L

<2.00 1.00

>2.00 0.686 0.440, 1.070 0.097
FIB, mg/dl

<321.8 1.00

>321.8 1.504 0.998, 2.226 0.051
CRP, mg/dl

<0.86 1.00

>0.86 1.818 1.281, 2.579 0.001
ESR, mm/h

<12 1.00

>12 1.651 1.157, 2.357 0.006
CEA, ng/ml

<3.49 1.00

>3.49 1.602 1.152, 2.229 0.005
SCC, ng/ml

<1 1.00

>1 1.404 1.005, 1.961 0.047
NSE, ng/ml

<28.9 1.00

>28.9 2.484 1.5655, 3.967 <0.001
CYFRA, ng/ml

<2.09 1.00

>2.09 1.600 0.966, 2.651 0.068
PE TCs/pl

<2,420 1.00

>2,420 0.739 0.469, 1.591 0.191
PE WBCs/pl

<383 1.00

>383 0.647 0.411,1.018 0.060
PE LDH, UL

<155 1.00

>155 1.960 1.182, 3.250 0.009
PE ADA, U/L

<19 1.00

>19 0.776 0.502, 1.201 0.255
PE TP, g/L

<564.9 1.00

>64.9 1.891 1.216,2.941 0.005
PE CI', mmol/L

<109.6 1.00

>109.6 0.419 0.249, 0.704 0.001
PE Glu, mmol/L.

<9.28 1.00

>0.28 1.651 1.020, 2.674 0.041
NLR

<1.79 1.00

>1.79 1.941 1.210,3.114 0.006
LMR

<6.71 1.00

>5.71 0.489 0.270, 0.883 0.018
PLR

<181.63 1.00

>181.63 1.301 0.947, 1.790 0.105
CAR

<0.03 1.00

>0.03 1.786 1.265, 2.521 0.001
PE TPCIR

<0.53 1.00

>0.53 2.302 1.498, 3.535 <0.001

OS, overall survival; ECOG PS, Eastern Cooperative Oncology Group performance status; ADC, adenocarcinoma; SQC, squamous cell carcinoma; SCLC, small cell carcinoma; WBC,
white blood cell; N, neutrophil; L, lymphocyte; Hb, hemoglobin; PLT, platelet; MPV, mean palate volume; ALB, albumin; LDH, lactic dehydrogenase; ALP, alkaline phosphatase; fo s
calcium ion; FIB, fibrinogen; CRP, C-reactive protein; ESR, erythrocyte sedimentation rate; CEA, carcino-embryonic antigen; SCC, squamous cell carcinoma antigen; NSE, neuron-specific
enolase; CYFRA, cytokeratin 19 fragment; PE, pleural effusion; TCs, total cells; ADA, adenosine deaminase; TP, total protein; Cl, chloride; Glu, glucose; NLR, neutrophil to lymphocyte ratio;
LMR, lymphocyte to monocyte ratio; PLR, platelet to lymphocyte ratio; CAR, C-reactive protein to albumin ratio; TPCIR, total protein-chloride ratio.
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Variable HR 95%Cl P-value
N, x10°/L

<3.69 1.00

>3.69 2310 1.560, 3.419 <0.001
PLT, x10%/L

<373 1.00

>373 0422 0.234, 0.760 0.004
ALB, g/L

<296 1.00

>29.6 0.633 0.426, 0.941 0.024
ALP, UL

<65 1.00

>65 2.047 1.244, 3.368 0.005
NSE, ng/ml

<289 1.00

>28.9 2.880 1.750, 4.739 <0.001
PE WBCs/pl

<383 1.00

>383 0.436 0.271, 0.703 0.001
PE TPCIR

<053 1.00

>0.53 3.182 2.203, 5.003 <0.001

OS, overall survival; N, neutrophil; PLT, platelet; ALB, albumin; ALP, alkaline phosphatase; NSE, neuron-specific enolase, PE, pleural effusion; WBCs, white blood cells; TPCIR, total

protein—chloride ratio.
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